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Concept map-based assessment is a practical approach to measure students’ 
conceptual understanding, but manual assessment still faces challenges such 
as subjectivity, inconsistency, and limited scalability. This study proposes the 
application of Retrieval-Augmented Generation (RAG) as an artificial 
intelligence-based automated assessment solution in an educational context. 
The objectives of this study are to compare the effectiveness of two retrieval 
methods, BM25 and FAISS, and to analyse the trade-off between large-scale 
generative models (GPT) and Small-LLM in assessing concept map 
propositions. This study uses a quantitative experimental approach by 
combining a retriever and a generator in the RAG system. Performance 
evaluation is carried out using the Macro-F1 and QWK metrics to measure 
agreement with expert judgment, and the Explanation Relevance Score (ERS) 
to assess explanation quality. The experimental results show that the FAISS–
GPT combination achieves the best performance, with a Macro-F1 of 0.338 
and a QWK of 0.146, slightly superior to the BM25–GPT combination. In 
contrast, the use of Small-LLM, both with BM25 and FAISS, showed lower 
performance with Macro-F1 values in the range of 0.167–0.221 and QWK close 
to zero. This finding confirms that semantic-based retrieval plays a vital role in 
improving the accuracy of automated assessment, while large-scale 
generative models are more effective in representing conceptual relationships 
in depth. This study contributes through a comparative analysis of retrievers 
and generators, and by introducing ERS as an additional metric for RAG-based 
automated assessment in the field of education. 

 
1. Introduction 

Artificial Intelligence (AI) has rapidly transformed various domains, including education. AI capabilities now extend 
beyond basic computations to include language comprehension, pattern recognition, and the provision of actionable 
recommendations. In educational settings, AI facilitates adaptive learning, learning analytics, and automated 
assessments, thereby enhancing the efficiency, fairness, and consistency of evaluations [1][2]. As educational 
paradigms shift toward skills and learning outcomes, assessments are increasingly expected to capture not only scores 
but also the depth of students’ conceptual understanding [3][4]. Consequently, methods that illustrate relationships 
between ideas have gained prominence. Concept maps, which represent knowledge through interconnected concepts, 
are widely utilized for this purpose [5][6]. They are effective in evaluating higher-order thinking, the integration of ideas, 
and overall comprehension. Large Language Models (LLMs), such as GPT, have significantly expanded AI’s capabilities 
for processing language [7][8][9]. These models excel at contextual understanding, generating clear explanations, and 
reasoning through complex responses. Due to these strengths, LLMs are particularly promising for automated 
assessments that require both feedback and explanatory support, rather than merely providing scores [10]. 

To make generative models more reliable and grounded in facts, the Retrieval-Augmented Generation (RAG) 
approach was developed. RAG combines a search tool that finds useful external information with a generator that uses 
it to create answers [11][12][13]. This setup makes AI responses more accurate, clear, and easy to check, and is now 
a leading method for systems that need both understanding and trustworthy information. In educational contexts, RAG 
is increasingly employed in assessment systems that prioritize conceptual understanding. By combining retrieval and 
generation, RAG enables AI to evaluate not only final answers but also the relationships among concepts articulated 
by students. This capability makes RAG particularly suitable for concept map assessments, where learning quality is 
determined by the strength of conceptual linkages [14]. 

Even though there is more research on AI in educational assessment, using RAG for concept map assessment 
is still rare. Most studies focus on simple text answers rather than the relationship analysis that concept maps require. 
As a result, RAG’s full potential for structured concept assessment has not been fully explored [15][16]. Additionally, 
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few studies have compared retrieval methods such as Best Matching 25 (BM25) and Facebook AI Similarity Search 
(FAISS) within educational contexts [17][18]. Although these methods employ distinct strategies for identifying relevant 
information, their impact on concept map assessment outcomes remains unclear. Large models like GPT are good at 
understanding meaning but require substantial computing power. Smaller models (Small-LLMs) use less power but 
often have trouble with complex ideas [19][20]. So, finding the right balance between accuracy and efficiency in 
educational RAG systems is still an [21]. Most prior studies evaluate system performance primarily using quantitative 
metrics such as Macro-F1 and Quadratic Weighted Kappa (QWK), with limited attention to the quality of generated 
explanations [22]. However, in educational settings, clear and relevant explanations are essential for both 
comprehension and instruction. Without assessing explanation quality, automated assessments may achieve accuracy 
but fail to support meaningful learning. These gaps show that more research is needed to fully evaluate RAG-based 
concept map assessment systems, especially in combining different retrievers and generators, balancing efficiency and 
accuracy, and assessing explanation quality [23]. 

To address these gaps, this study proposes a comparative evaluation framework based on Retrieval-Augmented 
Generation (RAG) for automated assessment of concept map propositions. The framework combines two retrievals. To 
fill these gaps, this study introduces a framework that uses Retrieval-Augmented Generation (RAG) to assess concept 
map statements automatically. The framework tests two retrieval methods, BM25 and FAISS, with two generators, GPT 
and a Small-LLM, to compare how well they work, how efficient they are, and how good their explanations are. The 
framework also uses a metric, the Explanation Relevance Score (ERS), which measures the semantic alignment 
between system-generated explanations [24][25]. By integrating both quantitative and qualitative evaluations, this study 
offers a more comprehensive assessment. The primary contributions of this research are threefold. First, it provides a 
systematic comparison of lexical retrieval (BM25) and semantic retrieval (FAISS) in the context of concept map-based 
assessment, addressing a gap in the existing literature. Second, it provides an empirical evaluation of the trade-off 
between performance and efficiency when employing large-scale models (GPT) versus lightweight models (Small-LLM) 
as generators in RAG systems. Third, it introduces the Explanation Relevance Score (ERS) as a novel metric for 
evaluating explanation quality semantically and contextually. 

By integrating semantic retrieval, generative reasoning, and explanation-based evaluation, this research 
advances the development of automated assessment systems that are accurate, transparent, and pedagogically 
valuable. The proposed framework seeks to enhance the fairness, trustworthiness, and relevance of educational 
assessments in contemporary AI-driven learning environments. 

 
2. Research Method 

We used a comparative experimental approach to test how well two information retrieval methods, BM25 and 
FAISS, work with two generative models, Small-LLM and GPT, for assessing propositions in concept maps. BM25 is a 
keyword-matching algorithm chosen for its reliable performance in tasks that require accurate word matching. It 
measures term relevance based on word frequency and keyword matches, making it well-suited for applications that 
need precision, but it does not capture the meaning of concepts. FAISS, on the other hand, uses semantic, vector-
based retrieval by turning text into numerical embeddings to reflect deeper context and relationships. For generating 
responses, GPT provides detailed, context-based explanations, while Small-LLM offers faster, more efficient answers 
with more straightforward reasoning. By combining these retrieval (BM25, FAISS) and generation (GPT, Small-LLM) 
methods, our approach aims to improve the accuracy, consistency, and clarity of automated concept map assessments. 
The goal is to create a transparent and efficient AI-based evaluation system that supports meaningful educational 
assessment and feedback in digital learning environments [26][27]. All stages are presented in Figure 1. 

 

 
Figure 1. Research Workflow 
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2.1 Dataset Collection 
The dataset consists of 691 propositions, which are student answers and scores assessed by a senior and 

experienced teacher who has taught for 11 years teaching the control class and the experimental class with a Scale 
(0–3) that is 0: Incorrect; 1: Partially correct; 2: Correct but superficial; 3: Scientifically sound and well-reasoned. These 
scores reflect the level of truth, accuracy, and conceptual quality of each proposition used as ground truth. The dataset's 
domain is educational, making it relevant for automated assessment tasks [28]. Relational Database Concept Map 
Dataset Table 1 below. 

 
Table 1. Relational Database Concept Map Dataset 

No Proposition Score 

1 basis data relasional keuntungan mudah melakukan operasi data 2 
2 basis data relasional keuntungan sederhana 1 
3 basis data relasional pengertian tabel dua dimensi 3 
4 basis data relasional memiliki domain 3 
5 tabel dua dimensi disebut relasi 2 
6 basis data relasional memiliki cardinality 3 
7 basis data relasional memiliki atribut 3 
8 basis data relasional terdiri dari tupel 3 
9 basis data relasional key relational key 2 

10 relational key key super key 2 
11 relational key key candidate key 3 
12 relational key key primary key 3 
13 relational key key alternate key 3 
14 relational key key foreign key 3 
15 relasi aturan aturan integritas 3 
16 super key adalah kunci utama 3 
17 primary key adalah kunci utama 3 
18 foreign key adalah kunci tamu 3 
19 basis data relasional memiliki bahasa 3 
20 bahasa disebut SQL 0 

 
2.2 Data Preprocessing 

Text Preparation Procedures for BM25 and FAISS Information Retrieval Systems. The BM25 technique employs 
methods such as converting all letters to lowercase, dividing text into tokens, eliminating common words, applying 
stemming or lemmatisation, and sanitising the text to improve the precision of word matches. These steps minimise 
word form variations and eliminate superfluous textual data. Changing the text to lowercase is accomplished through 
case folding; tokenisation breaks the text into smaller chunks; stopword removal removes trivial words; and stemming 
or lemmatisation condenses different word forms. Text cleaning is executed to extract unnecessary characters. 
Conversely, the FAISS method places greater emphasis on understanding the significance of words via embeddings. 
Because this data helps analyse the full context, it does not discard stopwords or perform stemming or lemmatisation. 
To retain clarity, FAISS also retains important punctuation, whereas BM25 focuses more on exact word comparisons. 
The data preprocessing process is presented in Table 2. 

 
Table 2. Data Preprocessing 

Preprocessing Step BM25 (Lexical-Based Retrieval) FAISS (Vector-Based Retrieval) 

Case Folding 
✓ Done to uniformize all text into 

lowercase letters 

✓ Generally applied as normalization before 

the embedding process. 

Tokenization 
✓ This is done because the BM25 

method calculates the frequency and 
distribution of tokens. 

~  Not done manually; the tokenization 
process is handled by the embedding 
model's internal tokenizer. 

Stopword Removal 
✓ Done to reduce common words that do 

not contribute to the search. 

✗ Not done because stopwords help the 

model understand sentence structure and 
context. 

Stemming / 
Lemmatization 

✓ This is done to reduce the variation in 

word forms so that lexical matching is 
more precise. 

✗ Not done because it can eliminate the 

original word form which has important 
semantic meaning for embedding. 
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Cleaning 
✓ Done to remove irrelevant characters 

and improve token quality. 

✔ Limited use; Use but important punctuation 

is retained to support understanding of the 
context 

 
2.3 Implementasi Retrieval-Augmented Assessment  

This stage is the core of the research, where the Retrieval-Augmented Generation system is applied to 
automatically assess concept map propositions and produce explanations that are relevant to the level of understanding 
being measured. 
 
2.3.1 Retriever: BM25 dan FAISS 

The retriever is tasked with finding and calculating similarities between student propositions and the knowledge 
base or reference propositions from experts. Two comparison methods are used. 
 
a. BM25 (Best Matching 25) 

BM25 functions as a retriever algorithm that generates a list of relevant documents along with their relevance 
scores, which are then submitted to the Generative Model (Small-LLM / GPT) to be used in generating answers [29]. 
BM25 is measured using Equation 1. 
 

𝐵𝑀25(𝑄, 𝐷) = ∑ 𝐼

𝑡∈𝑄

𝐷𝐹(𝑡) ×
𝑓(𝑡, 𝐷)(𝑘1 + 1)

𝑓(𝑡, 𝐷) + 𝑘1 (1 − 𝑏 + 𝑏
|𝐷|

𝑎𝑣𝑔𝑑𝑙)
 

(1) 

 

b. FAISS (Facebook AI Similarity Search) 
FAISS acts as a retrieval component that finds the most suitable documents based on semantic similarity. These 

documents are then passed to a Generative Model (Small-LLM/GPT), which processes them to generate answers [30]. 
FAISS is measured using Equation 2. 
 

Cosine Similarity(𝑄, 𝐷) =
𝑄 ⋅ 𝐷

||𝑄 || .  ||𝐷||
 (2) 

 
c. RAG Integration Process 

The student's proposition becomes a query into the system. Next, the retriever (BM25 or FAISS) searches for 
similarities and assigns an initial score. Then the score and proposition text are passed to the generator Small-LLM or 
GPT. The generator produces: (1) an automatic score (prediction), (2) a brief explanation of the reason for the score. 
 
2.3.2 Small-LLM and GPT Generators 

The generator component is responsible for generating automatic explanations of the assessment results, with 
two comparison models: (1) Small-LLM (Large Language Model) is a small language model that is run locally in this 
study using phi-3-mini. This model then builds explanations based on simple linguistic patterns. (2) GPT (Generative 
Pre-training Transformer) is a large model based on the Generative Transformer with deeper semantic understanding 
capabilities used is gpt-oss. This model then provides more contextual and specific explanations. 

 
2.3.3 Hyperparameter Settings and Model Configuration 

To ensure experimental consistency and enable equitable comparisons across combinations of retrieval 
techniques and generators, hyperparameter settings and model configurations were defined. The number of pertinent 
documents recovered (top-k) was fixed at 3 per trial, and BM25 was used for the lexical retrieval step via the rank-bm25 
library, with no changes to its internal parameters. Two different language models were employed in the generation 
step. Phi-3-mini running locally was used to implement the Small-LLM model. The OpenRouter API was used to retrieve 
the GPT model utilising gpt-oss for comparison. 

 
2.3.4 RAG Integration Process 

2x2 testing scenario to see better performance and results. (1) BM25 × Small-LLM, (2) BM25 × GPT, (3) FAISS 
× Small-LLM, (4) FAISS × GPT. The testing stage is carried out in several stages as follows. First, the student's 
proposition becomes a query into the system. Second, the Retriever (BM25 or FAISS) looks for similarities and gives 
an initial score. Third, the score and proposition text are passed to the generator (Small-LLM or GPT). Fourth, the 
generator produces an automatic score and a brief explanation of the reasons for giving the score. 
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2.4 Model Evaluation and Analysis 
This stage aims to assess the extent to which the Retrieval-Augmented Assessment (RAG) system being 

developed is capable of providing propositional assessments and explanations that closely align with expert 
assessments. The evaluation is conducted quantitatively and qualitatively, encompassing aspects of accuracy, 
relevance, efficiency, and validity. 

 
2.3.1 Quantitative Evaluation 

Quantitative evaluation is used to measure system performance based on a comparison of model predictions 
(RAG) with expert reference values. The evaluation method utilizes several statistical and machine learning metrics, 
including: 
1. Mean Squared Error (MSE) 

Calculate the squared difference between expert scores and predictions [31]. Mean Squared Error is measured 
using Equation 3. 
 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

 (3) 

 
2. Root Mean Squared Error (RMSE) 

MSE root which provides an interpretation comparable to the score [32]. Root Mean Squared Error is measured 
using Equation 4. 
 

𝑅𝑀𝑆𝐸 = √MSE (4) 

 
3. Mean Absolute Error (MAE) 

Calculate the absolute difference between expert and model scores [33]. Mean Absolute Error is measured using 
Equation 5. 
 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣ 𝑦𝑖 − 𝑦̂𝑖 ∣

𝑛

𝑖=1

 (5) 

 
4. Quadratic Weighted Kappa (QWK) 

A statistical metric used to measure the level of agreement between two annotators [34]. Quadratic Weighted Kappa 
is measured using Equation 6. 
 

𝜅𝑤 = 1 −
∑ 𝑤𝑖,𝑗𝑖,𝑗 ⋅ 𝑂𝑖,𝑗

∑ 𝑤𝑖,𝑗𝑖,𝑗 ⋅ 𝐸𝑖,𝑗
 (6) 

 
5. F1-Score 

A measure of classification model performance, which is the harmonic mean between Precision and Recall [35]. The 
F1-Score is measured using Equation 7. 
 
 

𝐹1 = 2x
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 (7) 

 
6. Cosine Similarity 

To calculate the similarity to the Explanation Relevance Score (ERS) using Cosine Similarity with E = embedding of 
the RAG explanation and P = embedding of the proposition [36].The Cosine Similarity is measured using Equation 
8.  
 

𝑐𝑜𝑠𝑖𝑛𝑒_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝐸, 𝑃) =
𝐸 ⋅ 𝑃

∥ 𝐸 ∥⋅∥ 𝑃 ∥
=

∑ 𝐸𝑖
𝑑
𝑖=1 ⋅ 𝑃𝑖

√∑ 𝐸𝑖
2𝑑

𝑖=1 ⋅ √∑ 𝑃𝑖
2𝑑

𝑖=1

 
(8) 
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2.3.2 Qualitative Evaluation 
Qualitative evaluation is conducted to analyze the relevance of the explanation (Explanation Relevance Score) 

generated by the model. Aspects assessed include the Explanation Relevance Score, which assesses the quality of 
the explanation generated by the model (Small-LLM and GPT), assessed from the semantic relevance between the 
model's explanation and the expert's reasons or criteria in giving the score. 
 
3. Results and Discussion 

This section reports the results of evaluating the Retrieval-Augmented Generation (RAG) system for automated 
assessment of concept map propositions. The evaluation addressed five primary areas: the performance of retrieval 
methods (BM25 and FAISS), the effectiveness of generator models (Small-LLM and GPT), outcomes of various 
retriever-generator pairings, the trade-off between accuracy and efficiency and the relationship between explanation 
quality and score consistency. The objective was to identify the optimal RAG configuration for accurate assessment 
and clear explanations. The findings indicate that both retrieval quality and generator capabilities are critical for practical 
concept map assessment using the RAG system. 

 
3.1 Retrieval Method Performance (BM25 and FAISS) 

The BM25 Retriever results in Table 3 show that the proposition “relational key 4 alternate key” obtained the 
highest score of 6.6313 because it has a firm lexical match with the query. In contrast, the lowest score of 0 appears 
between the propositions “domain term relational database” and “domain term relational database,” which have little 
term overlap. In contrast, in the FAISS Retriever in Table 4, the same proposition obtained the highest score of 1, which 
represents the most substantial semantic similarity, while the lowest score of 0.2306 is found in the proposition 
“relational database 2 simple form,” which still shows closeness of meaning even without a direct word match. This 
difference confirms that BM25 emphasises lexical similarity, while FAISS is more effective in capturing semantic 
similarity.  

 
Table 3. Retrieval Results BM25 

Proposition Value 

relational key 4 alternate key 6.6313 

relational key 5 foreign key 2.9397 

basisdata relasional memiliki relational key 2.2864 

basis data relasional istilah domain 0 

basisdata relasional istilah istilah domain 0 

 
Table 4. Retrieval Results FAISS 

Proposition Value 

relational key 4 alternate key 1 

relational key 5 foreign key 0.7129 

basisdata relasional memiliki relational key 0.5433 

bahasa komersial adalah sql 0.2901 

basis data relasional 2 bentuknya sederhana 0.2306 

 
3.2 Model Generator Performance (Small-LLM and GPT) 

Model generator performance was evaluated using Macro-F1, QWK, MAE, RMSE, ERS, and inference time 
metrics. Test results showed that GPT consistently outperformed Small-LLM across all retriever configurations. The 
FAISS–GPT combination produced the highest Macro-F1 (0.338) and QWK (0.146), with the lowest MAE and RMSE 
of 0.973 and 1.321, respectively. Conversely, BM25–Small-LLM performed the lowest, with a Macro-F1 of 0.167 and a 
negative QWK (-0.014), indicating a poor match between the scores and the reference assessment. In terms of 
explanation quality, GPT achieved the highest ERS in the BM25–GPT combination (0.920), while FAISS–Small-LLM 
also demonstrated a relatively high ERS (0.880). This indicates that narrative quality does not always align with the 
consistency of the numerical scores. Qualitatively, Small-LLM produces deterministic and uniform score-based 
explanations, thus functioning as a rule-based explanation. In contrast, GPT produces more contextually rich 
explanations and integrates domain knowledge as a semantic reasoning generator. In terms of efficiency, Small-LLM 
is significantly faster, with an inference time of under 0.02 seconds, while GPT requires approximately 7.5 seconds. 
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This finding confirms the trade-off between semantic quality and computational efficiency in RAG systems. The results 
of the Retrieval-Augmented Assessment are presented in Table 5. 

 
Table 5. Retrieval-Augmented Assessment Results 

Retriever Generator Proposition 
Expert 
Score 

Score 
Prediction 

Explanation 

BM25 GPT 
bahasa disebut 

sql 
0 2 

Score: 2 Explanation: Konsep "SQL" sebagai 
bahasa dimengerti secara umum, tetapi tidak 
menggambarkan dengan ketepatan bahwa 

SQL adalah bahasa pendzijurik khusus untuk 
interaksi dengan basis data relasional. Istilah 

"bahasa" terlalu luas, dan proposisi ini 
mengurangi kompleksitas konteks (misalnya, 

SQL adalah satu dari banyak bahasa 
database, bukan tanpa koiniczny jenis). 
Relevansi ada, tetapi terminologi kurang 

lengkap. (time: 7.15s) 

BM25 Small-LLM 
bahasa disebut 

sql 
0 1 

Proposisi 'bahasa disebut sql' dinilai 1 oleh 
Small-LLM. 

FAISS GPT 
bahasa disebut 

sql 
0 0 

Score: 0 Explanation: Pernyataan "bahasa 
disebut sql" tidak akurat. SQL adalah 

akronim dari Structured Query Language ( 
Bahasa Percakapan Terstruktur ), yang 

merujuk pada bahasa pemrograman khusus 
untuk memanipulasi data dalam basis data 

relasional. Dinyatakan bahwa istilah "bahasa" 
(yang merujuk pada konsep umum) "disebut 

SQL" tidak sesuai, karena SQL adalah 
bahasa spesifik, bukan nama umum untuk 
semua bahasa pemrograman. (time: 7.77s) 

FAISS Small-LLM 
bahasa disebut 

sql 
0 0 

Proposisi 'bahasa disebut sql' dinilai 0 oleh 
Small-LLM. 

 
3.3 Evaluation of the Retriever and Generator Combination 

A retriever-generator combination evaluation was conducted to assess the performance of the RAG system as 
an integrated architecture. Four configurations were tested: BM25–GPT, BM25–Small-LLM, FAISS–GPT, and FAISS–
Small-LLM. The test results showed that the FAISS–GPT configuration provided the best performance with a Macro-F1 
score of 0.338, a QWK of 0.146, and the lowest MAE and RMSE of 0.973 and 1.321, respectively. These findings 
indicate that integrating semantic-based retrieval with a high-capacity generator provides the most consistent and 
accurate assessment results. Conversely, the BM25–Small-LLM combination produced the lowest performance with a 
Macro-F1 score of 0.167 and a negative QWK (-0.014), indicating a discrepancy between the scores and the reference 
assessment. The FAISS–Small-LLM combination demonstrated improvement over BM25–Small-LLM, but remained 
below the GPT-based configuration. These results confirm that the performance of an RAG system is not solely 
determined by the quality of the generator model, but is also significantly influenced by the retrieval method used. Thus, 
the success of a RAG system in assessing concept map propositions depends on the synergy between semantic 
retrieval and the generative model’s reasoning capabilities. The results of the LLM Model Evaluation on the BM25 and 
FAISS Methods using Macro F1, QWK and MAE are presented in Figure 2. 
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Figure 2. Comparison chart of LLM Model Evaluation Results on BM25 and FAISS Methods 

 

3.4 Macro-F1 Performance and Efficiency Trade-off 
Table 6 shows that the GPT-based system achieved the highest Macro-F1, but its inference time exceeded 7 

seconds. In contrast, Small-LLM responded almost instantly but was much less accurate. These findings suggest that 
the configuration choice should align with the application’s needs. 

 
Table 6. Macro-F1 Performance and Efficiency Results 

Configuration Macro-F1 Time (s) 

FAISS–GPT 0.338 7.488 

BM25–GPT 0.331 7.746 

FAISS–Small-LLM 0.221 0.015 

BM25–Small-LLM 0.167 0.001 

 
3.5 Explanation Quality and Score Consistency 

Table 7 shows that BM25–GPT achieves the highest ERS (0.920), but its QWK is lower than that of FAISS–GPT. 
This means that strong explanations do not always lead to consistent scores. These results point to a gap between 
generative abilities and ordinal scoring methods. 

 
Table 7. Explanation Quality and Consistency Score Results 

Combination ERS QWK 

BM25–GPT 0.920 0.130 

FAISS–GPT 0.790 0.146 

Small-LLM based ≤0.880 ≤0 

 
The experimental results indicate that the FAISS–GPT configuration achieves the best performance in assessing 

concept map propositions, with a Macro-F1 of 0.338 and a QWK of 0.146, slightly outperforming BM25–GPT (Macro-
F1 = 0.331; QWK = 0.130). This finding confirms that dense semantic retrieval provides more relevant contextual 
information than lexical-based retrieval, enabling the generative model to produce assessments closer to expert 
judgment. In contrast, configurations involving Small-LLM show a substantial performance decline, with Macro-F1 
values ranging from 0.167 to 0.221 and QWK values near zero or negative. This result supports previous studies 
reporting that lightweight generative models have limited capability to replicate expert-level assessment, particularly for 
ordinal scoring tasks that require sensitivity to subtle conceptual differences. Although GPT achieves a high Explanation 
Relevance Score (ERS = 0.920), the agreement between predicted and expert scores remains moderate, indicating 
that convincing explanations do not always guarantee numerical accuracy. Similar inconsistencies between explanation 
quality and scoring reliability have also been reported in earlier RAG and generative assessment studies. 

Compared with prior RAG research by Fukui et al. and Xu et al., which mainly focused on question answering 
and medical domains [37], [38]. This study extends RAG evaluation to educational concept map assessment and 
explicitly distinguishes between sparse and dense retrieval strategies. Moreover, consistent with Prasetya et al., the 
results highlight the importance of deep conceptual understanding and further demonstrate that retrieval type and 
generator capacity must be jointly optimized [39]. 
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Finally, the average GPT inference time of approximately 7.5 seconds illustrates a clear trade-off between 
accuracy and efficiency. Overall, the findings confirm that effective RAG-based assessment systems require balanced 
integration of retrieval and generation components to ensure both reliability and practical applicability. 

 
4. Conclusion 

Based on a study on the application of Retrieval-Augmented Generation (RAG) for automated concept map 
proposition assessment, two retrieval methods (BM25 and FAISS) and two generator models (Small-LLM and GPT) 
were compared. The test results showed that the FAISS–GPT configuration provided the best performance, with a 
Macro-F1 value of 0.338 and a QWK of 0.146, and the lowest MAE and RMSE values of 0.973 and 1.321, respectively. 
This performance was slightly higher than that of BM25–GPT (Macro-F1 = 0.331; QWK = 0.130), confirming that 
semantic-based retrieval provides more relevant context for the generative model. In contrast, the Small-LLM-based 
configuration showed a significant performance decline, with Macro-F1 ranging from 0.167 to 0.221 and QWK 
approaching zero or even negative. Nevertheless, Small-LLM excelled in efficiency, with an inference time of under 
0.02 seconds, compared to GPT, which required approximately 7.5 seconds per proposition. This finding suggests a 
clear trade-off between assessment accuracy and computational efficiency. In terms of explanation quality, GPT 
achieved the highest Explanation Relevance Score (ERS) of 0.920. However, this result was not always accompanied 
by consistent numerical scores, indicating that the quality of the explanation narrative does not always directly impact 
assessment accuracy. The main contribution of this research lies in the comprehensive evaluation of the RAG system 
in the context of concept map-based assessment, confirming that the system’s success depends heavily on the 
integration of strategy decision-making and the model generator’s capacity. This research extends the application of 
RAG to the educational domain and provides an empirical basis for developing more valid and reliable automated 
assessment systems. 

 
Future Work 

Future research can develop more robust retrieval techniques and test the system on larger, multilingual 
educational datasets. Small-LLM's performance also needs to be improved through fine-tuning to maintain efficiency 
while increasing accuracy. Analyzing the cost of input-output tokens when using GPT is crucial for understanding the 
trade-off between accuracy, explanation quality and cost-efficiency. Furthermore, strategies such as iterative retrieval 
and fact-checking are needed to reduce hallucinations and improve the consistency of RAG systems. 
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