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Abstract: Large Language Models (LLMs) have shown strong potential in educational question an-

swering, yet they often exhibit cognitive misalignment by generating responses that emphasize linguis-

tic fluency rather than the cognitive depth required by different levels of Bloom's Taxonomy. This 

limitation arises from three structural gaps: Bloom classifiers are typically disconnected from the gen-

eration process, Chain-of-Thought (CoT) reasoning lacks explicit cognitive scaffolding, and Retrieval-

Augmented Generation (RAG) verifies factual consistency only at the final output. To address these 

limitations, this paper proposes Cognitive Chain-of-Thought (Cog-CoT), a four-module framework 

that integrates Bloom's Taxonomy into the reasoning process of LLMs. The framework consists of (1) 

a LinearSVC-based Cognitive Classifier (weighted F1 = 0.9915) for Bloom-level prediction, (2) a Hi-

erarchical Cognitive Decomposer that constructs a bottom-up sequence of Bloom-aligned sub-ques-

tions, (3) a Cog-CoT Reasoning module employing six level-specific prompt templates with step-wise 

cosine similarity verification against retrieved context (𝜃 = 0.65, MAX_RETRY = 3), and (4) a Bot-

tom-Up Aggregator that synthesizes verified intermediate responses into a coherent final answer. Ex-

periments using three open-weight LLMs (Gemma-3-4B-IT, LLaMA-3.1-8B-Instruct, and Qwen2.5-

7B-Instruct) on an Indonesian Social Studies dataset and external English benchmarks (SQuAD 2.0 

and ASQA) demonstrate that Cog-CoT consistently outperforms Zero-Shot prompting, achieving im-

provements of 4.16%–7.36% in GT Cosine Similarity while also producing superior performance 

across BLEU-4, ROUGE-L, METEOR, and BERTScore. These results demonstrate the effectiveness 

of integrating cognitive scaffolding with structured reasoning and retrieval verification for educational 

question answering. 

Keywords: Bloom's Taxonomy; Chain-of-Thought Prompting; Cognitive Scaffolding; Educational 

Question Answering; Large Language Models; Retrieval-Augmented Generation; Prompt Engineering; 

Cognitive Reasoning. 

 

1. Introduction 

Bloom's Taxonomy partitions cognitive demand into six levels: Remember (C1), Under-
stand (C2), Apply (C3), Analyze (C4), Evaluate (C5), and Create (C6). These levels span a 
continuum from recall-oriented lower-order thinking skills (LOTS) to integrative higher-or-
der thinking skills (HOTS), as illustrated in Figure 1 [1]. For decades, this hierarchy has guided 
educators in designing questions, developing assessment rubrics, and sequencing curricula. 
Its well-defined cognitive structure makes it particularly attractive for automation. If a ma-
chine could approximate the cognitive demand expected of a learner and calibrate its re-
sponses to support the corresponding level of understanding, it could serve as an effective 
pedagogical assistant at scale [2]. Recent studies have further demonstrated that open-weight 
LLMs can be integrated into real-time educational feedback systems and combined with mo-
tivational scaffolding to support personalized learning in higher education [3]. 
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Figure 1. Bloom's Taxonomy hierarchy. 

Despite these advances, present-day LLMs consistently fall short of this goal. Regardless 
of whether a question requires a simple definition (C1) or a multi-perspective critique (C5), 
these models tend to generate responses with similar structural complexity, typically favoring 
extended analytical prose. This mismatch between the intended cognitive level of an assess-
ment and the cognitive depth of the generated response, referred to as Cognitive Misalign-
ment, has been empirically observed in both medical [4] and engineering examination datasets 
[5]. However, existing generative frameworks have not yet addressed this issue in a systematic 
manner. 

Three interrelated technical gaps contribute to this limitation. First, although Bloom-
level classifiers now achieve weighted F1 scores exceeding 0.96 [6], [7], they are generally used 
only for classification. The predicted cognitive level is discarded after evaluation and does not 
influence the subsequent response generation process. Second, Chain-of-Thought (CoT) 
prompting [8] encourages multi-step reasoning but does not impose an explicit cognitive pro-
gression across reasoning steps. Without structured cognitive scaffolding, the model may shift 
between different cognitive levels within a single response. Structured CoT variants, such as 
OSCOT [9], partially address this limitation by prescribing domain-specific reasoning se-
quences; however, they require manual redesign for different domains and cannot naturally 
generalize across Bloom's cognitive hierarchy. Third, Retrieval-Augmented Generation 
(RAG) grounds the final response using retrieved documents [10], but it provides no mecha-
nism to verify intermediate reasoning steps before the final answer is produced. Consequently, 
reasoning may gradually drift away from the retrieved evidence, while existing single-output 
verification approaches developed for medical question answering [11] are not designed to 
preserve cognitive consistency throughout the reasoning process. 

To address these limitations, this paper proposes Cognitive Chain-of-Thought (Cog-
CoT), a four-module framework that integrates Bloom's Taxonomy directly into the reason-
ing process of LLMs. A Cognitive Classifier first routes each question to its corresponding 
Bloom level. A Hierarchical Cognitive Decomposer then constructs a bottom-up sequence 
of sub-questions from C1 to the target cognitive level, thereby enforcing cognitive complete-
ness throughout the reasoning process. Next, the Cog-CoT Reasoning module applies a level-
specific prompt template and verifies each intermediate reasoning step using cosine similarity 
against the retrieved RAG context before proceeding. Finally, a Bottom-Up Aggregator syn-
thesizes all verified intermediate responses into a coherent answer aligned with the intended 
cognitive level. 

The proposed framework makes four primary contributions. (1) It is the first framework 
to directly incorporate Bloom-level predictions into the reasoning structure of LLMs rather 
than treating classification as a standalone task. (2) It introduces six level-specific Cog-CoT 
prompt templates (C1–C6), each explicitly designed to capture the cognitive operations asso-
ciated with a particular Bloom level. (3) It proposes a step-wise self-verification mechanism 
based on cosine similarity with retrieved RAG context, combined with a retry strategy to 
reduce factual drift before errors accumulate. (4) It provides empirical evidence and a mech-
anistic explanation of CoT performance degradation, demonstrating that unstructured CoT 
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reasoning consistently reduces answer quality in RAG-based educational question answering 
across three architecturally distinct LLMs and two datasets in different languages. 

The remainder of this paper is organized as follows. Section 2 reviews the four research 
areas most closely related to this work. Section 3 presents the proposed Cog-CoT framework. 
Section 4 describes the experimental setup and discusses the results. Section 5 compares Cog-
CoT with representative existing approaches. Finally, Section 6 concludes the paper and out-
lines its limitations and future research directions. 

2. Related Work 

2.1. Bloom's Taxonomy in Automated Question Answering 

The cognitive hierarchy articulated by Bloom provides a structural vocabulary for dis-
tinguishing recall from reasoning in educational assessment [1]. When applied to automated 
question answering (QA), it prescribes not only the subject matter of an answer but also its 
epistemic posture: a C1 response enumerates facts, whereas a C5 response marshals evidence 
to support a judgment [12]. Benchmark studies evaluating GPT-family models on Bloom-
structured examination datasets consistently find that these models generate responses with 
largely uniform cognitive depth regardless of the intended cognitive level of the prompt [4], 
[5]. This pattern has been attributed to training objectives that prioritize surface fluency over 
the nuanced cognitive calibration required for structured pedagogical assessment. Several 
studies have leveraged Bloom's Taxonomy for learning-objective mapping and course design 
automation [13], [14]; however, none has directly integrated the taxonomy into LLM reason-
ing control. Cog-CoT treats Bloom's Taxonomy not merely as a post hoc evaluation frame-
work but as an operational scaffold that governs the reasoning process from the moment a 
question is received. 

2.2. Chain-of-Thought Prompting and Its Limitations 

Wei et al.'s seminal work on Chain-of-Thought (CoT) prompting [8] demonstrated that 
eliciting step-by-step reasoning substantially improves LLM performance on arithmetic and 
commonsense reasoning tasks. Since then, CoT has been adapted for educational scoring 
[15], causal science [9], and hierarchical QA decomposition [16]. Ensemble-based decoding 
strategies, such as self-consistency, improve the reliability of CoT reasoning but substantially 
increase inference costs without addressing cognitive misalignment [17]. Similarly, branching 
search methods that explore tree-structured reasoning paths improve performance on well-
defined reasoning tasks but still lack an explicit cognitive hierarchy [18]. Zhang et al. [16] 
further extend hierarchical reasoning through the TreeQA framework, which achieves 4–12% 
improvements over state-of-the-art RAG methods on multi-hop QA benchmarks. However, 
like previous CoT variants, TreeQA does not perform per-step factual verification against 
retrieved context. This paper documents, for the first time, that such unchecked reasoning 
verbosity can completely negate the benefits of CoT in RAG-based question answering. This 
phenomenon, referred to as CoT performance degradation, is consistently observed across 
three LLM families and two datasets. 

2.3. Retrieval-Augmented Generation for Factual Answer Generation 

Retrieval-Augmented Generation (RAG) decouples world knowledge from generative 
reasoning by retrieving relevant passages at inference time, thereby substantially reducing hal-
lucinations across domain-specific QA tasks [10]. Educational applications have particularly 
benefited from this paradigm. A recent systematic survey of RAG-based learning systems 
reported consistent improvements in factual accuracy for both short-answer and long-form 
educational questions [19]. For Indonesian-language open-domain QA, combining RAG with 
ReAct prompting reduces unsupported assertions and improves contextual coherence [20]. 
More recently, Adaptive-RAG strategies [21], which dynamically adjust retrieval depth ac-
cording to query complexity, have demonstrated promising results, although they have not 
been integrated with cognitive scaffolding. Despite these advances, retrieval only constrains 
the final output; intermediate reasoning steps are not explicitly required to remain grounded 
in the retrieved evidence. Chen et al. [11] proposed output-level cosine similarity verification 
for Chinese medical relation extraction, but their approach cannot detect factual drift 
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occurring during intermediate reasoning. Cog-CoT extends this verification principle by val-
idating every intermediate reasoning step. 

2.4. Cognitive Classification as Preprocessing 

Machine-learning approaches to Bloom-level classification have evolved steadily over 
time. Early keyword-frequency methods were gradually replaced by TF-IDF + SVM pipelines 
[6], followed by LSTM models with pretrained embeddings [22], and more recently by fine-
tuned Transformer classifiers [7] and generative-AI ensemble approaches [23], achieving 
weighted F1 scores ranging from 0.94 to 0.96. Bloom-level classification for Indonesian-lan-
guage educational content has also received increasing attention, with recent IndoBERT-
based approaches substantially outperforming earlier monolingual baselines on national cur-
riculum examination questions. Recent generative-AI ensemble methods [23] have further 
improved classification accuracy. Nevertheless, throughout this line of research, classification 
accuracy has remained the final objective, and no published framework has utilized the pre-
dicted Bloom level to guide downstream generative reasoning. Chindukuri and Sivanesan [6] 
explicitly identify this integration as an important open research problem. Cog-CoT addresses 
this gap by using the classifier's output as a pedagogical routing signal to guide sub-question 
decomposition, prompt template selection, and response aggregation. 

2.5. Positioning of Cog-CoT Among Related Frameworks 

Table 1 summarizes how Cog-CoT differs from the five most closely related frame-
works. Standard Chain-of-Thought (CoT) introduces step-by-step reasoning but provides 
neither explicit cognitive ordering nor a factual grounding mechanism, allowing reasoning 
chains to drift from the retrieved evidence. Retrieval-Augmented Generation (RAG)-based 
QA systems ground the final response using retrieved documents but do not verify interme-
diate reasoning steps. TreeQA [16] introduces hierarchical logic-tree decomposition and 
achieves strong performance on multi-hop question answering; however, its decomposition 
is driven by logical dependencies rather than pedagogically grounded cognitive structures, and 
it does not perform per-step verification. ReAct [20] interleaves reasoning with retrieval but 
does not organize reasoning according to an explicit cognitive hierarchy. Adaptive-RAG [21] 
dynamically adjusts retrieval depth based on query complexity but lacks both cognitive scaf-
folding and intermediate verification. Cog-CoT is the first framework to integrate all three 
missing components within a unified pipeline: (1) a Bloom-level classifier whose output di-
rectly guides the reasoning process, (2) a hierarchically ordered chain of sub-questions that 
enforces cognitive progression from C1 to the target Bloom level, and (3) step-wise cosine 
similarity verification against RAG context with a retry mechanism that prevents factual drift 
before it propagates to the final response. 

Table 1. Comparison of Cog-CoT with Related Frameworks 

Framework Bloom Routing Cognitive Chain Per-Step Verification 

Standard CoT ✗ ✗ ✗ 

RAG-based QA ✗ ✗ ✗ 

TreeQA [16] ✗ Partial ✗ 

ReAct [20] ✗ ✗ Partial 

Adaptive-RAG [21] ✗ ✗ ✗ 

Cog-CoT (Proposed) ✓ ✓ ✓ 

3. Proposed Method 

Fig. 2 illustrates the complete Cog-CoT pipeline. Each module receives its input directly 
from the preceding module, and no human intervention is required between processing 
stages. 

3.1. Dataset 

Four datasets were utilized in this study: two primary datasets assembled from Indone-
sian Social Studies (IPS) textbooks spanning Grades VII–XII (Kemdikdasmen) and two 
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external English benchmark datasets. IPS was selected because its content naturally spans all 
six Bloom levels, ranging from recalling historical dates (C1) to proposing civic solutions (C6). 
In addition, its morphologically rich Indonesian language provides a challenging setting for 
cosine similarity-based verification. 

 

Figure 2. Cog-CoT Flowchart. 

IPS-Train (5,190 samples; 865 samples per Bloom level) consists of question–context 
pairs explicitly annotated with their corresponding Bloom's Taxonomy level (C1–C6). The 
context provides the reading passage associated with each question, and these labeled pairs 
are used exclusively to train the Cognitive Classifier. IPS-Generation (120 samples; 20 samples 
per Bloom level) contains question–context–ground-truth triples, with reference answers 
written by practicing IPS teachers. This dataset serves both as the RAG knowledge base and 
as the benchmark for end-to-end pipeline evaluation. To evaluate cross-lingual and cross-
domain generalization, two external English benchmark datasets were constructed from 
SQuAD 2.0 [24] (60 samples; mean ground-truth length of 6.5 words) and ASQA [25] (60 
samples; mean ground-truth length of 63 words), intentionally combining short factual an-
swers with longer explanatory responses. Table 2 summarizes the statistics of all four datasets. 

The Bloom-level annotations for IPS-Train and the teacher-authored ground-truth an-
swers for IPS-Generation were produced by three annotators, all of whom are practicing IPS 
(Social Studies) teachers. Two annotators have more than ten years of classroom teaching 
experience, while one has fewer than five years of experience. The annotation task was divided 
equally among the three annotators, with each annotator responsible for 40 distinct questions, 
ensuring complete coverage of all 120 evaluation items by subject-matter experts. Both IPS-
Train and IPS-Generation will be made available upon reasonable request to the correspond-
ing author. 
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Table 2. Dataset Statistics 

Dataset Samples Bloom Distribution Avg. GT Length 

IPS-Train 5,190 865 per level (C1–C6) — 

IPS-Generation 120 20 per level (C1–C6) 161 

SQuAD 2.0 60 Majority C1/C3 6.5 

ASQA 60 Majority C1/C3 63.3 

3.2. Module 1: Cognitive Classification 

The Cognitive Classifier maps each raw question, Q, to its corresponding Bloom level. 
This predicted level subsequently determines the number of generated sub-questions, the 
prompt template to be applied, and the depth of the aggregation chain. Text preprocessing 
converts all characters to lowercase, removes punctuation and numerical digits, and normal-
izes whitespace. Five classifiers were trained using a stratified 80/20 split of IPS-Train and 
evaluated using the weighted F1 score. The routing function is defined in Eq. (1). 

Level =  Classifier(preprocess(𝑄)) (1) 

where 𝐿𝑒𝑣𝑒𝑙 ∈  {𝐶1, 𝐶2, 𝐶3, 𝐶4, 𝐶5, 𝐶6}. 
To determine the optimal routing function, five candidate classifiers—LinearSVC, Lo-

gistic Regression, SGD, Random Forest, and Naïve Bayes—were trained and evaluated using 
the weighted F1 metric. Table 3 presents an example illustrating how a sample IPS question 
is preprocessed and routed through Module 1. 

Table 3. Example of Cognitive Classification Routing for a C5 Question 

Stage Value 

Raw Input Question 
Which has a greater impact on the daily economic activities of Indonesian 
people: astronomical position (time differences) or climate conditions (two 

seasons)? Provide your justification. 

Preprocessed Question 
which has a greater impact on daily economic activities of indonesian people 

astronomical position time differences or climate conditions two seasons 
provide your justification 

Predicted Level 𝐶5 – Evaluate 

Routing: n (depth) 5 sub-questions (𝐶1 → 𝐶2 → 𝐶3 → 𝐶4 → 𝐶5) 

3.3. Module 2: Hierarchical Cognitive Decomposition 

Given 𝑄 and target level 𝐶𝑛 , the Decomposer generates an ordered set of n sub-ques-

tions such that sub-question 𝑞𝑖 targets Bloom level 𝑐𝑖 and depends semantically on the an-

swer to 𝑞𝑖−1, as formalized in Eq. (2). 

𝐷(𝑄, 𝐶𝑛)  =  {(𝑞𝑖 , 𝑐𝑖) | 𝑖 =  1, 2, . . . , 𝑛}, 𝑛 ≤ 6 (2) 

This bottom-up chaining property guarantees cognitive completeness: every level from 
𝐶1 to 𝐶𝑛 is addressed before reaching the target level, and no level is skipped. The LLM 

generates sub-questions at temperature 𝑇 = 0.0 with paired correct/incorrect few-shot ex-
amples. If the LLM output fails schema validation, a fallback substitutes simplified reformu-
lations of 𝑄 at each missing level. Algorithm 1 formalizes this procedure. 

The fallback procedure simplify (𝑄, level=𝑐𝑖) is triggered when the LLM output fails 
schema validation, that is, when the number of parsed sub-questions does not match the 
number of required Bloom levels. In the implementation, the fallback constructs a replace-
ment sub-question for each missing level ci by prepending a level-specific cognitive stem to 

the original question 𝑄, producing the string "Sub-question 𝑐𝑖: 𝑄" for each absent level. This 
preserves the original question's topic while signaling the intended Bloom operation, ensuring 
the pipeline always receives a structurally complete chain of n sub-questions. This strategy 
deliberately accepts a lower-quality decomposition at failed levels rather than aborting the 
pipeline, consistent with the principle that the bottom-up chain must be complete even when 
not semantically optimal. 
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Algorithm 1. Hierarchical Cognitive Decomposition 
INPUT: Q, classified_level 
OUTPUT: Sub-question chain{(𝑞𝑖 , 𝑐𝑖) | 𝑖 =  1, 2, . . . , 𝑛} 

1: prompt ← build_decomposition_prompt (𝑄, classified_level, few_shot_examples) 
2: raw_output ← LLM (prompt, 𝑇=0.0) 
3: question ← parse_subquestions (raw_output) 

4: IF |questions| < 𝑛 THEN 
5: FOR i = |questions| + 1 TO n DO 
6: questions[i] ← simplify (Q, level=𝑐𝑖) # FallBack 
7: END FOR 
8: RETURN {(questions[i], 𝑐𝑖) | i = 1…n} 

 

The complete decomposition output for the C5 sample question introduced in Table 3 
follows this procedure. The chain progresses strictly bottom-up; each sub-question at level ci 

assumes the answer at 𝑐𝑖−1 is already established. 

3.4. Module 3: Cog-CoT Reasoning with Step-Wise Verification 

For each sub-question (𝑞𝑖 , 𝑐𝑖), the reasoning module applies the level-specific template 
shown in Table 4, invokes the LLM to produce a step-by-step response, and then verifies 
each intermediate reasoning step sj against RAG-retrieved context T using cosine similarity 
calculated by Eq. (3). 

cos(𝑠𝑗 , 𝑇) =
emb(𝑠𝑗) ∙ emb(𝑇)

(emb‖𝑠𝑗‖ × ‖emb(𝑇)‖)
 (3) 

A step is assigned PASS if cos(𝑠𝑗, 𝑇) ≥  θ =  0.65 and FAIL otherwise. The threshold 
θ = 0.65 sits at the boundary between moderate and strong semantic overlap, calibrated to 
tolerate Indonesian's affixation-induced lexical variation without admitting steps that have 
genuinely departed from the retrieved context [26]. The final answer step is exempted from 
verification since it is necessarily generative. If any step fails, the LLM is re-invoked up to 

𝑀𝐴𝑋𝑅𝐸𝑇𝑅𝑌 = 3. This structured grounding mechanism also provides a degree of robustness 
against adversarial prompt manipulations that exploit LLMs’ inability to reliably separate in-
structions from retrieved data [27]. Algorithm 2 specifies the full reasoning and verification 
loop. 

Table 4. Level-specific reasoning steps. 

Level Cognitive Operation Reasoning Steps 

C1 Fact recall Scan → Extract → State 

C2 Interpretation Identify → Describe → Explain → Summarise 

C3 Procedure application Identify Rule → Map Case → Execute → Conclude 

C4 Deconstruction Deconstruct → Examine → Relate → Synthesise 

C5 Judgment Set Criteria → Gather Evidence → Judge → Conclude 

C6 Synthesis Identify Elements → Formulate Plan → Generate → Review 

 

Algorithm 2. Cog-CoT Reasoning 

INPUT: Sub-question 𝑞𝑖, Level 𝑐𝑖, RAG Context 𝑇, template 

OUTPUT: best_verified_answer 𝑎𝑖
∗ 

1:  retry_attempt ← {} # set of retry attempts 

2: FOR 𝑘 = 1 TO 𝑀𝐴𝑋𝑅𝐸𝑇𝑅𝑌 DO 

3: prompt ← template (𝑞𝑖, 𝑇) # level-specific prompt + context 
4: response ← LLM (prompt, 𝑇=0.0) 
5: steps ← extract_reasoning_steps(response) 
6: scores ← [] 
7: FOR EACH step 𝑠𝑗 IN steps (excluding final answer step) DO 

8: score ← cos(emb(𝑠𝑗, emb(𝑇)) 

9: IF score ≥ 𝜃 THEN mark 𝑠𝑗 as PASS ELSE mark 𝑠𝑗 as FAIL 
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10: scores.append(score) 
11: END FOR 
12: mean_score ← mean(scores) 

13: retry_attempt ← retry_attempt ∪ {(response, mean_score)} 
14: IF ALL steps PASS THEN BREAK 
15: END FOR 

16: 𝑎𝑖
∗ ← response with highest mean_score in retry_attempt 

17: RETURN 𝑎𝑖
∗ 

 

Table 5 traces the step-wise verification process for sub-question 𝑞1(𝐶1) from the run-
ning example, showing per-step cosine scores against the RAG-retrieved context passage. 

Table 5. Example: Step-wise verification for sub-question 𝑞1. 

Step Reasoning Step Context (truncated) 
Cosine 
Score 

Status 

Step 1 – 
Scan 

The context discusses Indonesia’s geographical position spanning three time zones (WIB, WITA, WIT) 
due to its astronomical location between 6°N–11°S and 95°E–141°E, and a tropical climate with two sea-

sons: the rainy season (October–March) and the dry season (April–September)... 
0.821 PASS 

Step 2 – 
Extract 

Indonesia’s astronomical position is defined by its latitude and longitude coordinates, resulting in three 
time zones. At the same time, its tropical climate produces two seasons that directly shape agricultural cy-

cles, traditional industries, and livelihood patterns across the archipelago... 
0.793 PASS 

Step 3 – 
State 

Indonesia’s astronomical position spans three time zones, which affect daily scheduling. At the same time, 
its two-season tropical climate determines when crops are planted and harvested, directly influencing the 

income of millions of farmers and the output of season-dependent industries... 
0.748 PASS 

Final   
Answer 

(exempt from verification – generative synthesis)  

Mean cosine (verified steps): 0.787  →  Attempt accepted (no retry needed) 
— EXEMPT 

3.5. Module 4: Bottom-Up Answer Aggregation 

Once all 𝑛 verified sub-answers {𝑎1
∗ , … , 𝑎𝑛

∗ } have been obtained, the Aggregator syn-
thesizes them into a single response 𝐴∗ that answers the original question 𝑄 at the target 

cognitive level 𝐶𝑛, as defined in Eq. (4). 

𝐴∗ = LLMagg({𝑎𝑖
∗|𝑖 = 1, . . . , 𝑛}, 𝑄, 𝐶𝑛), 𝑛 ≤ 6 (4) 

The aggregation prompt instructs the LLM to generate a single coherent paragraph that 

(1) follows a bottom-up cognitive progression (𝐶1 facts first and 𝐶𝑛 reasoning last), (2) di-

rectly answers the original question 𝑄 without exceeding the cognitive scope of 𝐶𝑛, and (3) 
avoids introducing knowledge that is absent from the verified sub-answers. The aggregation 
temperature is fixed at 0.0 to maximize determinism and preserve consistency with the veri-
fied reasoning chain. For 𝐶1 questions, 𝑎𝑖

∗ is returned directly, bypassing the aggregation 
step. Algorithm 3 summarizes the aggregation procedure. 

 

Algorithm 3. Bottom-Up Answer Aggregation 

INPUT: verified sub answers {𝑎1
∗ ,…, 𝑎𝑛

∗ }, original question Q, level 𝐶𝑛  

OUTPUT: Final coherent answer 𝐴∗ 
1: IF 𝑛 = 1 THEN 

2: RETURN 𝑎1
∗ # direct return from 𝐶1 

3: prompt ← build_aggregation_promtp ( 𝑄, 𝐶𝑛, {𝑎𝑖
∗|𝑖 = 1, . . . , 𝑛}) 

4: # instruct: bottom-up structure, direct answer, no scope excess 

5: 𝐴∗← LLM (prompt, 𝑇=0.0) 

6: RETURN 𝐴∗ 

3.6. Experimental Setup 

All experiments were conducted using the Hugging Face Transformers library with 
bfloat16 precision. Three open-weight LLMs—Gemma-3-4B-IT, LLaMA-3.1-8B-Instruct, 
and Qwen2.5-7B-Instruct—were evaluated under three experimental conditions: 

Algorithm 2 cont. 
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1. Zero-Shot: Direct question answering without retrieved context or Chain-of-Thought 
prompting. 

2. Standard CoT: Question answering with the instruction "Think step by step" but without 
Bloom-based cognitive scaffolding or Retrieval-Augmented Generation. 

3. Cog-CoT: The complete proposed pipeline. 
 

All three conditions used identical input data, making the prompting strategy the only inde-
pendent experimental variable. 

All five Bloom classifiers were implemented using scikit-learn. The TF-IDF vectorizer 
employed bigram features with ngram_range = (1,2). LinearSVC, Logistic Regression, and 
SGD used class_weight = "balanced" and max_iter = 2000, while LinearSVC additionally 
used dual = True. Random Forest used n_estimators = 100, and all classifiers were trained 
with random_state = 42. The dataset was partitioned using an 80:20 stratified train-test split 
with random_state = 42. Retrieval employed a TF-IDF vectorizer with the default scikit-learn 
configuration, fitted on the unique context passages in the evaluation dataset. During infer-
ence, the top-k=3 most similar passages were retrieved using cosine similarity between the 
input query and the indexed context vectors. Retrieval was purely lexical and did not employ 
a neural retriever. The retrieved passages were concatenated and supplied as context to the 
reasoning module. Both the step-wise verification process and the final semantic evaluation 
employed the paraphrase-multilingual-MiniLM-L12-v2 sentence encoder, which produces 
384-dimensional sentence embeddings and supports both Indonesian and English. 

All LLMs were loaded using Hugging Face Transformers with device_map = "auto" and 
bfloat16 precision. Gemma-3-4B-IT specifically required bfloat16 inference. Both the decom-
position and reasoning modules used temperature = 0.0, while the aggregation module also 
used temperature = 0.0. A repetition_penalty = 1.1 was applied to prevent repetitive genera-
tions, particularly for Gemma. The maximum number of generated tokens was set to 2048. 
Retrieved context passages were passed directly without chunking, and tokenizer input length 
was capped at max_length = 4096 with truncation enabled. 

Performance was evaluated using Ground Truth (GT) Cosine Similarity, which measures 
the semantic similarity between the generated answer and the teacher-authored reference us-
ing the cosine similarity function defined in Eq. (3), together with BLEU-4, ROUGE-L, ME-
TEOR, and BERTScore. To assess the robustness of the proposed verification mechanism, 
a sensitivity analysis was performed by varying the verification threshold 𝜃 ∈
{0.55,0.60,0.65,0.70} using a stratified subset of the IPS-Generation dataset. 

4. Results and Discussion 

4.1. Cognitive Classification Results 

Table 6 reports classifier performance on the IPS-Train test set across all five candidate 
models. LinearSVC achieved a weighted F1 of 0.9915, the highest among all candidates, with 
only 9 misclassifications across 1,038 test samples. Critically, all nine errors fell between adja-
cent Bloom levels (C2↔C3 or C4↔C5), confirming that the classifier never confuses LOTS 
with HOTS. 

Table 6. Comparative performance of cognitive classifiers. 

Model Accuracy Precision Recall Weighted F1 

Naïve Bayes 87.93 0.8851 0.8793 0.8805 

Logistic Regression 98.33 0.9834 0.9833 0.9833 

SGD 98.70 0.9871 0.9870 0.9870 

Random Forest 96.10 0.9612 0.9610 0.9610 

LinearSVC 99.15 0.9916 0.9915 0.9915 

4.2. End-to-End Generative Performance 

To evaluate the overall generative performance of the proposed framework, the final 
aggregated answers were compared with the teacher-authored reference answers using five 
complementary evaluation metrics. Table 7 reports the complete experimental results for all 
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three prompting strategies (Zero-Shot, Standard CoT, and Cog-CoT) across the three evalu-
ated LLMs. 

Cog-CoT consistently achieves the highest GT Cosine Similarity for all evaluated mod-
els, reaching 0.8066 for Gemma-3-4B-IT, 0.8083 for LLaMA-3.1-8B-Instruct, and 0.8124 for 
Qwen2.5-7B-Instruct. Compared with their respective Zero-Shot baselines, these correspond 
to relative improvements of 6.90%, 4.16%, and 7.36%, respectively. Similar trends are ob-
served for BERTScore, with improvements of 6.16%, 3.83%, and 6.80%, indicating that Cog-
CoT consistently improves semantic alignment with the teacher-authored references. 

The substantial gap between GT Cosine Similarity (approximately 0.81) and BLEU-4 
(approximately 0.08) should not be interpreted as poor generation quality. Rather, it reflects 
the characteristics of the evaluation corpus. The IPS-Generation references are teacher-au-
thored explanatory answers with an average length of 161 words, making exact n-gram over-
lap inherently difficult even when the generated responses are semantically correct. Conse-
quently, embedding-based metrics, such as GT Cosine Similarity and BERTScore, provide a 
more reliable assessment of semantic quality than lexical overlap metrics (BLEU-4, ROUGE-
L, and METEOR) for long-form educational question answering. 

Table 7. End-to-End Evaluation Results 

Model Strategy 
GT Cosine 
Similarity 

BLEU-4 ROUGE-L METEOR BERTScore 

 Zero-Shot 0.7546 0.0285 0.1564 0.2227 0.6915 

Gemma-3-4B-IT Standard CoT 0.6969 0.0362 0.1586 0.2497 0.6884 

 Cog-CoT 0.8066 0.0637 0.2276 0.2380 0.7341 

LLaMA-3.1-8B-
Instruct 

Zero-Shot 0.7760 0.0552 0.2155 0.2144 0.7105 

Standard CoT 0.7151 0.0456 0.1838 0.2182 0.6903 

Cog-CoT 0.8083 0.0781 0.2427 0.2413 0.7377 

Qwen2.5-7B-In-
struct 

Zero-Shot 0.7567 0.0396 0.1874 0.2237 0.7002 

Standard CoT 0.6972 0.0421 0.1777 0.2384 0.6868 

Cog-CoT 0.8124 0.0934 0.2682 0.2432 0.7478 

 

4.2.1. Comparison with Extended Baselines 

Table 8 extends the main comparison with two additional structured reasoning baselines. 
ReAct achieves an overall GT Cosine Similarity of 0.7408, falling below both Zero-Shot 
(0.7546) and Cog-CoT (0.8066). The interleaved reasoning-and-retrieval loop of ReAct is ef-
fective for isolated factual lookups but imposes no cognitive structure on the reasoning chain; 
each action retrieves context independently without building on a hierarchically grounded 
prior. The sharpest performance drop occurs at C3-Menerapkan (GT Cosine: 0.6362), a level 
where multi-step application demands structured scaffolding that a flat action sequence can-
not provide. Tree-of-Thought (ToT) achieves an overall GT Cosine Similarity of 0.8170, mak-
ing it the strongest baseline and the closest competitor to Cog-CoT (0.8066). ToT's branching 
path exploration allows recovery from locally poor reasoning choices, yielding strong results 
at C1 (0.8841) and C5 (0.8587). However, ToT neither incorporates Bloom-level routing nor 
applies per-step RAG verification; its branching heuristic is driven by a general scoring func-
tion rather than pedagogical cognitive structure. This means the reasoning chain cannot guar-
antee coverage of prerequisite lower-order knowledge before addressing the target. 

The METEOR scores further differentiate the strategies: ReAct (0.1394) falls below 
Zero-Shot (0.2227) because its shorter, action-oriented outputs are poorly aligned with the 
explanatory prose of the teacher-authored IPS-Generation ground truth. ToT (0.2812) is 
competitive with Standard CoT (0.2497) on METEOR, but both remain below Cog-CoT, 
whose aggregation step synthesises multi-level sub-task outputs into coherent explanatory 
answers structurally closer to the reference format. In summary, ToT is a strong general-
purpose reasoning baseline, but Cog-CoT outperforms it on four of five metrics. The ad-
vantage is attributable to two structural properties absent from both ReAct and ToT: (1) 
Bloom-level cognitive routing that guarantees prerequisite knowledge is covered at every 
chain step, and (2) per-step RAG verification with retry logic that prevents factual drift from 
propagating to the final answer. 
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Table 8. Extended baseline comparisons. 

Strategy 
GT Cosine   
Similarity 

BLEU-4 ROUGE-L METEOR BERTScore 

Zero-Shot 0.7546 0.0285 0.1564 0.2227 0.6915 

Standard CoT 0.6969 0.0362 0.1586 0.2497 0.6884 

ReAct 0.7408 0.0282 0.1802 0.1394 0.7042 

Tree-of-Thought 0.8170 0.0857 0.2631 0.2812 0.7315 

Cog-CoT 0.8066 0.0637 0.2276 0.2380 0.7341 

4.3. Qualitative Example: Bottom-Up Aggregated Answer 

To ground the quantitative findings in a concrete case, Table 9 presents the aggregated 
answers produced by all three strategies for the C5 sample question introduced in Section 
3.2–3.5, “Which has a greater impact on daily economic activities of Indonesian people: as-
tronomical position (time differences) or climate conditions (two seasons)?”, alongside the 
teacher-authored ground truth.  

Table 9. Qualitative comparison of aggregated answers for the C5 sample question across all three 
strategies. 

Strategy Aggregated Answer 

Ground Truth 

Climate conditions with two seasons have a greater impact on the daily economic 
activities of Indonesian people than the astronomical position. First, the two-season 

climate (rainy and dry) directly and massively influences the agricultural sector, 
which is the livelihood of the majority of Indonesians. Planting times, crop types, 

and harvest yields are highly dependent on the seasons, so climate conditions deter-
mine the income of millions of farmers. Crop failure due to drought or flooding can 
cause enormous economic losses. Second, climate influences traditional industries 
such as salt, roof tiles, and crackers that depend on sunlight for production. Third, 
the rainy season increases the risk of hydrometeorological disasters that can halt 
economic activity and damage infrastructure. In contrast, astronomical position-

based time differences (WIB, WITA, WIT) have a more limited impact. Time dif-
ferences affect the coordination of national activities such as television broadcasts 
or remote meetings, but their impact is administrative and can be adapted through 
schedule adjustments. Time differences do not threaten production or cause mate-

rial losses the way seasonal changes can. 

Zero-Shot 

Climate conditions (two seasons) have a greater impact on the daily economic activ-
ities of Indonesian people. Climate influences the agricultural sector, fisheries, and 
tourism industry through the effects of the rainy and dry seasons on production 

volumes, crop types, and prices of basic goods. Although astronomical position cre-
ates time-zone differences that affect international schedules, its impact on everyday 
economic life is structural and relatively minor compared with the direct, large-scale 

influence that seasonal changes exert on livelihoods and market supply. (GT Co-
sine Similarity: 0.710) 

Standard CoT 

Step 1: The question asks us to compare the impact of astronomical position versus 
climate conditions on daily economic activities. Step 2: The astronomical position 

creates three time zones (WIB, WITA, WIT), affecting work schedules, school 
hours, and business operations nationwide. Climate conditions produce two sea-

sons: the rainy season (October–March), which drives high-water crops, and the dry 
season (April–September), suited to drought-tolerant plants, both of which shape 

planting calendars and harvests. Step 3: Considering both factors, climate conditions 
exert a broader and more direct influence on economic life because they determine 
agricultural output, affect traditional industries dependent on sunlight, and create 
disaster risks from flooding or drought. Time-zone differences, by contrast, are 

manageable through scheduling adjustments and do not threaten material produc-
tion. Therefore, climate conditions have the greatest economic impact. (GT Cosine 

Similarity: 0.665) 
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The comparison illustrates how cognitive scaffolding shapes the structure and depth of 
responses beyond what metric scores alone convey. The Zero-Shot answer provides a rea-
sonable surface-level response but lacks the systematic bottom-up reasoning structure. The 
Standard CoT answer adds intermediate steps but drifts from the RAG-retrieved context as 
verbosity increases, producing a response that is longer yet less semantically aligned to the 
ground truth (GT Cosine Similarity: 0.665 vs. Zero-Shot: 0.710). The Cog-CoT answer, by 
contrast, follows the bottom-up aggregation instruction: it opens with C1 factual grounding 
(astronomical position and time zones), builds through C2 interpretation (economic schedul-
ing effects), C3 application (seasonal agricultural impact), and C4 analysis (comparative im-
pacts), before arriving at the C5 evaluative judgment that climate conditions exert the greater 
economic influence. This progression mirrors the structure of the teacher-authored ground 
truth and yields the highest GT Cosine Similarity (0.810) among all three strategies. 

4.4. Per-Level Bloom Analysis 

Figure 3 traces GT Cosine Similarity by Bloom level across all strategies and models, and 
Table 10 presents the Cog-CoT results in numerical and heatmap form. The level-wise profile 
in Table 11 reveals three sub-patterns worth examining separately. The general descent from 
C1 (avg. 0.8710) through C3 (0.7998) is expected: longer sub-question chains accumulate 
small errors at each step, and C3 Apply tasks require correct procedural identification in ad-
dition to factual recall. The C4 recovery (0.8043 > 0.7998) is attributable to the Deconstruct 
→ Examine → Relate → Synthesize template, whose explicit relational structure aligns closely 
with how IPS ground truths explain cause-effect and comparative relationships. C5 Evaluate 
ranks second overall (0.8312) because the Indonesian IPS corpus tends to embed explicit 
evaluative criteria directly in the context passage, making the Set Criteria → Gather Evidence 
→ Judge template unusually effective at capturing ground-truth structure. 

 

Figure 3. GT Cosine Similarity per Bloom level per strategy for each model 

Table 10. GT Cosine Similarity per Bloom under Cog-CoT, averaged across three models. 

Level Gemma LLaMA Qwen Average 

C1 0.8661 0.8519 0.8951 0.8710 

C2 0.8402 0.8356 0.8495 0.8418 

C3 0.8205 0.7841 0.7947 0.7998 

C4 0.8050 0.8075 0.8003 0.8043 

C5 0.8180 0.8420 0.8337 0.8312 

C6 0.6695 0.7146 0.6814 0.6885 

 

For Gemma and Qwen, Cog-CoT GT Cosine Similarity at C6 falls below their respective 
Zero-Shot scores (Gemma: 0.6695; Qwen: 0.6814). Three compounding factors explain this. 
First, the verification threshold θ = 0.65 is calibrated against retrieved context vocabulary; C6 
Create tasks, however, require the model to synthesise novel formulations that may be 
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semantically sound yet lexically distant from the retrieved passage, causing steps to receive 
FAIL verdicts even when the content is pedagogically valid. Second, the six-level decompo-
sition chain is the longest in the pipeline, so cumulative drift is magnified. Third, single-ref-
erence evaluation cannot credit a creative synthesis that departs from the teacher's particular 
wording while remaining semantically sound. Table 11 (C6 Verification Penalization Exam-
ples) illustrates these dynamics across three representative Qwen samples drawn from the 
IPS-Generation evaluation, showing how creative output is penalized despite semantic co-
herence. 

Table 11. C6 Verification Penalization Examples. 

Question 
GT Cosine: 
Zero Shot 

GT Cosine: 
Cog-CoT 

Avg. Step 
Cosine 

Steps  

FAIL/Total 
Cause 

Design a 3-day travel itinerary across 
Jakarta (WIB), Bali (WITA), and Raja 
Ampat (WIT), accounting for time-
zone differences in flight schedules 

and communication. 

0.8343 0.6286 0.291 5 / 5 

Generated itinerary uses creative scheduling 
terminology not present in the retrieved con-
text, causing all step cosines to fall well be-

low 𝜃=0.65 despite factual correctness. 

Design a global campaign slogan to 
raise awareness about the limited 

availability of habitable land on Earth. 
0.7506 0.5517 0.124 1 / 1 

A single-step synthesis produces a creative 
slogan phrase with zero lexical overlap with 
the context passage, yielding cosine = 0.124 

and triggering all 𝑀𝐴𝑋𝑅𝐸𝑇𝑅𝑌 attempts with-
out improvement. 

Design a scenario where a person can 
transition from "Not in the Labor 

Force" status to "Employed" status 
over six months. 

0.9232 0.7903 0.321 1 / 1 

The highest Zero-Shot score in the C6 set. 
Cog-CoT introduces a structured narrative 
with economic terminology diverging from 
the specific phrasing of the context, penaliz-

ing an otherwise strong response. 

 

As shown in Table 11, all three cases share a common pattern: the Zero-Shot response 
is competitive or superior precisely because it produces a shorter, more context-proximate 
answer, while the Cog-CoT pipeline generates a richer, multi-step synthesis that is semanti-
cally valid but lexically divergent from the retrieved passage. The average step cosine scores 
(0.124-0.321) are uniformly below θ = 0.65, meaning all verification steps FAIL and the pipe-
line falls back to retaining the highest-scoring attempt rather than converging on a verified 
answer. This confirms that the verification mechanism, effective at catching factual drift in 
C1-C5, systematically over-penalises legitimate creative synthesis at C6. 

4.5. Self-Verification Analysis 

Figure 4 and Table 12 detail the verification outcomes across all models.  

Table 12. Step-level self-verification statistics 

Level Total Steps PASS FAIL Avg. Pass Cosine 

Gemma-3-4B-IT 1,409 96 1,313 0.740 

LLaMA-3.1-8B-Instruct 185 29 156 0.774 

Qwen2.5-7B-Instruct 210 51 159 0.742 

 
The 6.8–24.3% PASS rates are low in absolute terms but should not be interpreted as 

evidence of poor reasoning quality. Steps that exceed the verification threshold achieve aver-
age cosine scores of 0.740–0.774, confirming that the filter performs selective, high-precision 
verification rather than being trivially satisfied. The low overall PASS rate largely reflects the 
characteristics of Indonesian morphology: prefixation and suffixation produce surface forms 
that diverge considerably from the dictionary roots present in the retrieved context, thereby 
reducing cosine similarity even when the underlying meaning remains intact. Furthermore, 
the fallback mechanism in Algorithm 3 guarantees that a FAIL verdict never discards an an-

swer after 𝑀𝐴𝑋𝑅𝐸𝑇𝑅𝑌 attempts. Instead, the pipeline retains the highest-scoring attempt and 
proceeds with aggregation regardless of whether the threshold is met. Consequently, FAIL 
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functions primarily as a quality-ranking signal across retry attempts rather than as a strict ac-
cept–reject criterion for the final output. 

 

Figure 4. Self-verification per model: (a) PASS vs. FAIL step counts with percentage labels; (b) average cosine scores for PASS and 
FAIL steps. 

A key design question is whether the step-wise verification mechanism functions as a 
genuine validation gate or merely as a quality-ranking signal that selects the best among im-
perfect retry attempts. The evidence supports the latter characterization in the majority of 
cases. Table 13 presents three representative FAIL cases illustrating the primary causes of 
verification failure. Case A (Near Miss) and Case B (Very Low Score) demonstrate that FAIL 
verdicts frequently arise from lexical mismatches between semantically sound reasoning steps 
and the TF-IDF-indexed context rather than from factual errors. In these cases, the mecha-
nism functions primarily as a ranking signal across retry attempts. In contrast, Case C (Gen-
uine Failure) shows a scenario in which the FAIL verdict correctly identifies a problematic, 
ungrounded sub-question introduced by the Decomposer, where the inability to produce a 
passing attempt leads to genuine output degradation. A similar pattern is observed at C6, as 
illustrated in Table 11, where all five reasoning steps FAIL for the itinerary example not be-
cause the generated schedule is factually incorrect, but because creative scheduling terminol-
ogy diverges from the vocabulary of the retrieved context. The low overall PASS rates there-
fore reflect the combined effects of Indonesian morphological variation, which suppresses 
cosine similarity, and a smaller proportion of genuine factual errors. 

Table 13. Three representative FAIL cases. 

Case Sample Question 
Step Cosine 

(FAIL) 
Root Cause 

Aggregated Final GT 
Cosine Similarity 

A – Near Miss 
Which continent is the largest and most 

densely populated in the world? 
0.583–0.590  Lexical paraphrase of context, 

not a factual error 
0.697 (vs. Zero-Shot 
0.755, CoT 0.697) 

B – Very Low Score 
State the founding year of the Budi 

Utomo organization. 
0.186  Short fact diluted against long 

multi-topic context 
0.818 (the highest) 

C – Genuine Failure 
Explain why La Niña affects farmers' 

planting-season decisions 
0.499–0.589 Decomposer introduced an 

ungrounded sub-question 
0.487 (below Zero-Shot 
0.706 and CoT 0.699) 

4.6. Generalizability on External Benchmark 

Figure 5 places IPS-Generation and SQuAD+ASQA results side by side; Table 14 pro-
vides the full numerical breakdown.  
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Figure 5. GT Cosine Similarity comparison: (a) IPS-Generation; and (b) SquAD 2.0 + ASQA. 

Table 14. Evaluation results on the external benchmark. 

Model Strategy 
GT Cosine 
Similarity 

BLEU-4 ROUGE-L METEOR BERTScore 

Gemma-3-4B-
IT 

Zero-Shot 0.5229 0.0095 0.1050 0.0835 0.6515 

Standard CoT 0.5044 0.0109 0.0968 0.1071 0.6136 

Cog-CoT 0.6007 0.0295 0.1655 0.2143 0.6865 

LLaMA-3.1-
8B-Instruct 

Zero-Shot 0.4923 0.0099 0.1111 0.0784 0.6572 

Standard CoT 0.4855 0.0123 0.0909 0.1168 0.6139 

Cog-CoT 0.6344 0.0518 0.2138 0.2705 0.7134 

Qwen2.5-7B-
Instruct 

Zero-Shot 0.5451 0.0152 0.1221 0.1244 0.6544 

Standard CoT 0.5038 0.0142 0.0940 0.1265 0.6179 

Cog-CoT 0.6347 0.0510 0.2200 0.2714 0.7101 

 

Three observations merit discussion. First, the performance ranking of Cog-CoT > 
Zero-Shot > Standard CoT remains consistent across both datasets and all three models, 
establishing a reliable behavioral pattern within this study. Second, CoT performance degra-
dation reappears in English data at magnitudes comparable to those in the Indonesian corpus, 
ruling out any language-specific explanation. Third, Cog-CoT's relative gains over Zero-Shot 
are substantially larger on this benchmark than on IPS-Generation, an unexpected divergence 
explained by baseline quality: when Zero-Shot performance drops because the classifier was 
trained on Indonesian text and issues suboptimal routing labels for English queries, the cog-
nitive scaffold compensates by imposing step structure that the model would otherwise lack 
entirely. The absolute GT Cosine Similarity scores are lower on this benchmark precisely 
because classifier accuracy degrades on out-of-domain English input. 

The cross-lingual performance gap is primarily attributable to the Cognitive Classifier 
being trained exclusively on Indonesian IPS data. Several multilingual approaches could close 
this gap in future iterations. Encoder models such as mBERT and XLM-R have demonstrated 
strong zero-shot cross-lingual transfer on text classification tasks by jointly training across 
100+ languages and sharing a unified token representation space. For Bloom-level classifica-
tion specifically, a fine-tuned XLM-R or multilingual DeBERTa checkpoint trained on a com-
bined Indonesian-English question bank would likely resolve the routing degradation ob-
served on out-of-domain English queries. Alternatively, a language-detection preprocessing 
step could route English queries to a separately trained English Bloom classifier. 

4.7. Statistical Significance of Performance 

To confirm that Cog-CoT's performance improvements are not attributable to random 
variation, Wilcoxon signed-rank tests were conducted on per-sample scores for all five-
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evaluation metrics on the IPS-Generation dataset, comparing Cog-CoT against both Zero-
Shot and Standard CoT baselines across all three LLMs. The Wilcoxon signed-rank test was 
selected as a non-parametric paired test that does not assume normality, appropriate given 
the bounded distribution of cosine-based scores. Results are presented in Table 15. 

Cog-CoT's superiority is statistically significant (p < 0.05) in 25 of 30 comparisons 
(83.3%). The five non-significant comparisons occur exclusively on the METEOR metric, 
specifically for Gemma vs. Zero-Shot (p = 0.823), Gemma vs. Standard CoT (p = 1.000), 
LLaMA vs. Standard CoT (p = 0.083), Qwen vs. Zero-Shot (p = 0.610), and Qwen vs. Stand-
ard CoT (p = 0.977). In these five cases, Cog-CoT's average METEOR score is marginally 
lower than the respective baseline (e.g., Gemma Cog-CoT METEOR: 0.2380 vs. Standard 
CoT: 0.2497), explaining the non-significance. This is attributable to a known limitation of 
METEOR: it relies on WordNet synonym matching and English morphological rules and is 
therefore less sensitive to Indonesian lexical variation. The four remaining metrics (GT Co-
sine Similarity, BLEU-4, ROUGE-L, BERTScore) are all statistically significant across all 
three models and both baseline comparisons, confirming that the METEOR non-significance 
reflects metric insensitivity to Indonesian rather than a failure of the pipeline. 

Table 15. Wilcoxon Signed-Rank Test results. 

Model Strategy p vs (Zero-Shot) Sig. 
p (vs. Standard 

CoT) 
Sig. Note 

Gemma-3-4B-IT 

GT Cosine Similarity 4.44e-06 ✓ 5.58e-14 ✓  

BLEU-4 3.95e-12 ✓ 1.48e-05 ✓  

ROUGE-L 5.69e-14 ✓ 1.24e-13 ✓  

METEOR 0.8232 ✗ 1.0000 ✗ * 

BERTScore 4.95e-15 ✓ 5.11e-15 ✓  

LLaMA-3.1-8B-
Instruct 

GT Cosine Similarity 5.14e-04 ✓ 3.03e-14 ✓  

BLEU-4 3.46e-04 ✓ 5.32e-07 ✓  

ROUGE-L 2.82e-05 ✓ 3.08e-10 ✓  

METEOR 0.0184 ✓ 0.0831 ✗ * 

BERTScore 1.59e-10 ✓ 2.88e-17 ✓  

Qwen2.5-7B-In-
struct 

GT Cosine Similarity 7.50e-06 ✓ 2.57e-15 ✓  

BLEU-4 3.65e-09 ✓ 2.13e-06 ✓  

ROUGE-L 1.30e-11 ✓ 6.45e-11 ✓  

METEOR 0.6103 ✗ 0.9769 ✗ * 

BERTScore 7.42e-15 ✓ 1.90e-17 ✓  

4.8. Impact of Bloom Classification Errors on Pipeline Output 

4.8.1. Classification Accuracy on the Evaluation Set 

The Cognitive Classifier achieved 99.1% accuracy on the IPS-Generation evaluation set. 
Per-level accuracy was 100% for C2 through C6 and 95.0% for C1-Mengingat (19/20), as 
shown in Table 16. The single misclassification involved a C1 (Remember) question predicted 
as C3 (Apply): Which continent is the largest and most densely populated in the world?. The 
classifier assigned Apply because the comparative superlative cues resemble application-level 
surface patterns, despite the answer requiring only direct factual recall. 

4.8.2. Downstream Impact on Generation Quality 

The single misclassified sample provides a controlled natural experiment for assessing 
how a routing error propagates to generation quality. Table 17 presents per-strategy GT Co-
sine Similarity, ROUGE-L, and BERTScore for this sample alongside the dataset-wide cor-
rectly classified average. 
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Table 16. Bloom classifier accuracy per level. 

Level Correct Total Accuracy (%) Misclassified 

C1 19 20 95.0 C3 (Apply) 

C2 20 20 100.0 - 

C3 20 20 100.0 - 

C4 20 20 100.0 - 

C5 20 20 100.0 - 

C6 20 20 100.0 - 

Total 120 120 99.1 - 

Table 17. Generation quality on the misclassified sample vs. correctly classified average 

Strategy 
GT Cosine    

(Misclassified)  
GT Cosine    

(Correct Avg.) 
ROUGE-L    

(Misclassified) 
BERTScore   

(Misclassified) 

Zero-Shot 0.7554 0.7546 0.2069 0.6562 

Standard CoT 0.6399 0.6969 0.1556 0.6408 

Cog-CoT 0.8264 0.8123 0.2953 0.7588 

 

Despite receiving a C3 (Apply) routing instead of the correct C1 (Remember), Cog-CoT 
still achieves the highest GT Cosine Similarity (0.8264) among all three strategies, outper-
forming Zero-Shot (0.7554) and Standard CoT (0.6399). This occurs because even when in-
correctly routing to C3, the pipeline constructs a bottom-up chain beginning at C1 (Remem-
ber) and C2 (Understand) before reaching C3 (Apply). The earlier sub-tasks ground the chain 
in factual recall before the chain reaches the incorrectly assigned target level. The structural 
completeness of the cognitive chain therefore provides inherent robustness against adjacent-
level misclassification that neither Zero-Shot nor Standard CoT can replicate. Notably, the 
misclassified sample's Cog-CoT score (0.8264) is marginally above the correctly classified av-
erage (0.8123), suggesting that the richer C3 chain produced a more complete and contextu-
ally grounded answer than a minimal C1 chain would have. Deeper cognitive scaffolding, 
even when applied to a lower-order question, can enhance answer comprehensiveness with-
out introducing factual drift. 

The bottom-up chain architecture provides inherent robustness against upward misclas-
sifications (a question routed to a higher Bloom level than its true level), because lower levels 
are always instantiated as sub-tasks before the incorrectly assigned target. Conversely, a down-
ward misclassification (e.g., C4 routed as C2) would truncate the chain and may produce an 
insufficiently deep response. The 99.1% classifier accuracy is also partially a function of the 
evaluation set being drawn from the same domain and grade range as the training corpus; 
out-of-domain generalisation may yield more misclassifications, making this robustness prop-
erty more consequential and further motivating the cross-domain extension. 

4.9. Threshold Sensitivity Analysis 

The verification threshold 𝜃 controls the minimum cosine similarity a reasoning step 

must achieve against the retrieved context to receive a PASS verdict. A lower 𝜃 is more per-

missive while a higher 𝜃 is more stringent, triggering more retries but potentially enforcing 
stricter factual grounding. To evaluate sensitivity to this hyperparameter, the full Cog-CoT 
pipeline was run across four threshold values (𝜃 ∈ {0.55, 0.60, 0.65, 0.70}) on a stratified 
subset of IPS-Generation. Results are presented in Tables 18 and 19. 

Table 18. Overall metrics and verification across threshold values. 

𝜽 
GT Cosine   
Similarity 

BLEU-4 ROUGE-L METEOR 
BERT 
Score 

Pass  
Rate 

Avg.   
Retries 

0.55 0.8154 0.0662 0.2374 0.2445 0.7356 0.354 5.60 

0.60 0.8052 0.0634 0.2324 0.2358 0.7323 0.237 5.87 

0.65 0.8224 0.0714 0.2375 0.2470 0.7389 0.179 6.40 

0.70 0.8090 0.0674 0.2327 0.2441 0.7383 0.123 6.73 
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Table 18 reveals that theta=0.65 achieves the highest overall GT Cosine Similarity 
(0.8224), BLEU-4 (0.0714), METEOR (0.2470), and BERTScore (0.7389) among the four 
candidates, confirming it as the optimal threshold on this subset. The relationship between 
theta and generation quality is non-monotonic: GT Cosine rises from theta=0.55 (0.8154) to 
a peak at theta=0.65 (0.8224) before declining at theta=0.70 (0.8090). This pattern reflects 
two competing forces. Lowering theta allows more steps to pass without retry, reducing the 
quality-ranking benefit of the verification signal. Raising theta beyond 0.65 makes the thresh-
old stricter than the typical embedding distance between correct steps and Indonesian re-
trieved context, causing retry exhaustion on steps that are factually grounded but lexically 
paraphrased. The pass rate decreases monotonically from 0.354 at theta=0.55 to 0.123 at 
theta=0.70, and average retries increase from 5.60 to 6.73. This confirms the expected inverse 
relationship between threshold strictness and verification success rate. The substantially 
higher retry count at theta=0.70 relative to theta=0.65 (6.73 vs. 6.40) indicates diminishing 
returns in verification stringency: the additional retries are not producing better steps mean-
ingfully but are increasing computational overhead. 

Table 19. Per-level GT cosine similarity across threshold values. 

Level Theta=0.55 Theta=0.60 Theta=0.65 Theta=0.70 Sensitivity 

C1 0.8767 0.8765 0.8908 0.8730 Low (range: 0.018) 

C2 0.8062 0.8055 0.8289 0.8098 Low (range: 0.023) 

C3 0.8749 0.8078 0.8718 0.8259 High (range: 0.067) 

C4 0.8500 0.8563 0.8420 0.8489 Low (range: 0.014) 

C5 0.8376 0.8370 0.8399 0.8380 Low (range: 0.003) 

C6 0.6469 0.6483 0.6612 0.6582 Moderate (range: 0.014) 

 

Table 19 shows that per-level sensitivity varies substantially. C1, C2, C4, and C5 exhibit 
low sensitivity (range <0.03), suggesting that recall, comprehension, analysis, and evaluation 
steps are sufficiently grounded in the retrieved context to perform consistently regardless of 
the threshold. C3 exhibits high sensitivity (range 0.067, from 0.8078 at theta=0.60 to 0.8749 
at theta=0.55), while C6 shows moderate sensitivity (range 0.014). The C3 pattern is note-
worthy: the highest C3 performance occurs at theta=0.55, the most permissive threshold, 
suggesting that C3 application steps are frequently penalised by stricter thresholds even when 
they correctly apply retrieved knowledge to a new context. Taken together, these results pro-
vide two design guidelines. First, theta=0.65 is a well-calibrated default for the IPS-Genera-
tion domain, achieving the best overall quality while maintaining a manageable retry load. 
Second, the C3 and C6 sensitivity patterns further support the case for a level-adaptive thresh-
old; a lower threshold for application-level (C3) and creative (C6) tasks would improve per-
formance at those levels without sacrificing accuracy at the lower-order levels where fixed-
threshold sensitivity is already low. 

4.10. CoT Performance Degradation 

The most unexpected finding concerns Standard CoT. Across all three models, unscaf-
folded CoT instruction degrades GT Cosine Similarity below Zero-Shot: −7.65% on Gemma, 
−7.86% on LLaMA, and −7.84% on Qwen. Section 4.6 shows that identical degradation oc-
curs on the English benchmark, ruling out a domain-specific or language-specific artifact. The 
radar visualization in Fig. 6 makes the degradation conspicuous: on every model, the Standard 
CoT polygon shrinks within the Zero-Shot polygon. RAG-retrieved text is finite and specific, 
whereas parametric knowledge is diffuse; the longer an unguided reasoning chain extends, the 
further it drifts from the ground-truth context. This drift then propagates to the final answer, 
reducing its cosine similarity to the teacher-authored reference. 

From a deployment standpoint, this finding carries a direct warning: integrating a generic 
CoT instruction into a RAG-based educational QA system is not a neutral or conservative 
choice. This study demonstrates that this change tends to degrade overall answer quality. The 
failure case analysis in Section 4.5 provides additional supporting evidence. Case C, where the 
Decomposer introduced an ungrounded sub-question, mirrors the mechanism hypothesised 
for Standard CoT degradation: once the reasoning chain departs from retrieved context at 
any step, subsequent steps build on ungrounded content, compounding the drift. The critical 
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difference is that in Cog-CoT, per-step verification catches and limits this propagation; in 
Standard CoT, there is no such mechanism, allowing drift to accumulate unchecked before 
producing the final answer. This explains why Standard CoT degradation is consistent across 
all three LLMs. Furthermore, the fact that Standard CoT produces longer responses than 
Zero-Shot, evidenced by marginally higher METEOR scores in some conditions despite 
lower GT Cosine Similarity, is consistent with the verbosity-amplified context drift mecha-
nism: the model generates more text, but that additional text departs further from the teacher-
authored reference. We characterise this as a verbosity-amplified context drift phenomenon 
and note that it represents a previously undocumented failure mode of unscaffolded CoT in 
retrieval-grounded settings. 

 

Figure 6. Comparison of Zero-Shot vs. Cog-CoT across all five metrics per model. 

4.11. Ablation Study 

4.11.1 Component Removal Analysis 

Table 20 reports the contribution of each pipeline component when removed in isola-
tion. NoRAG produces the largest single-component loss across all five metrics. This out-
come is not merely expected but mechanistically necessary: without retrieved context, the 
verification module has no reference against which to compute cosine scores, so every step 

scores below 𝜃, every retry attempt exhausts, and the pipeline's quality guarantee collapses. 
The functional dependence between RAG and verification is thus quantified rather than as-
sumed.  

NoDecomp is the second-largest contributor to GT Cosine Similarity (−1.77%), con-
firming that hierarchical sub-question scaffolding adds value beyond what a direct top-level 
answer can achieve, even when RAG and verification are retained. NoVerify and NoRetry sit 
close together (GT Cosine Similarity 0.8037 and 0.7970, respectively), suggesting that the retry 
mechanism contributes more than the filtering action of verification per se: it is the act of re-
generating under a failed signal, rather than the discard itself, that raises final quality. NoAg-
gLLM drops GT Cosine Similarity to 0.7656, demonstrating that naïve concatenation of sub-
answers, without LLM-mediated synthesis, fails to produce the coherent paragraph structure 
that embedding-based metrics reward. 

Table 20. Ablation study results averaged across three LLMs. 

Variant 
GT Cosine 
Similarity 

BLEU-4 ROUGE-L METEOR BERTScore 

Cog-CoT (Full) 0.8123 0.0855 0.2448 0.2375 0.7357 

NoDecomp 0.7979 0.0476 0.2211 0.2075 0.7308 

NoRAG 0.7462 0.0438 0.1953 0.2007 0.7158 

NoVerify 0.8037 0.0620 0.2310 0.2328 0.7340 

NoRetry 0.7970 0.0632 0.2302 0.2339 0.7335 

NoAggLLM 0.7656 0.0600 0.2252 0.2254 0.7324 
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Section 4.12.2 extends this analysis with a granular component isolation study, building 
from a bare baseline up to the full system to quantify the independent contribution of each 
module. 

4.11.2 Granular Component Isolation 

To complement the component removal analysis, Table 21 presents a granular compo-
nent isolation study evaluating six configurations on a stratified IPS-Generation subset, pro-
gressively adding pipeline modules from a bare baseline to the complete system. Per-level GT 
Cosine Similarity patterns are discussed in the analysis below. 

Table 21. Component isolation results. 

Configuration Modules Active 
GT   

Cosine 
BLEU-4 ROUGE-L METEOR BERTScore 

Bare 
No Bloom routing, no 
RAG, no verification 

0.8007 0.0439 0.2171 0.1896 0.7267 

Classifier Only 
Bloom routing only; no 
RAG, no verification 

0.7491 0.0423 0.2064 0.1946 0.7185 

RAG Only 
RAG grounding only; no 
Bloom, no verification 

0.8351 0.0582 0.2434 0.2130 0.7357 

Classifier + 
RAG 

Bloom routing + RAG; no 
verification 

0.8078 0.0538 0.2330 0.2047 0.7279 

Verification 
Only 

RAG + per-step verifica-
tion; no Bloom routing 

0.8408 0.0599 0.2446 0.2211 0.7318 

Full Cog-CoT 
Complete system: Bloom + 
RAG + verification + retry 

0.8002 0.0681 0.2457 0.2188 0.7361 

 

Table 21 reveals that the Bare configuration, generating answers without any Bloom 
routing, RAG grounding, or per-step verification, achieves a GT Cosine Similarity of 0.8007, 
establishing a strong unstructured baseline. The Classifier Only configuration, which adds 
Bloom-level routing without RAG context or verification, drops to 0.7491 (−0.0516 vs. Bare), 
the lowest among all six configurations. This finding confirms that Bloom-level routing in 
isolation, without retrieved context to anchor the sub-task answers, actively constrains gen-
eration: the structural decomposition prescribes cognitive levels but without factual ground-
ing, producing hallucinated or topic-drifting sub-task outputs that degrade the final aggrega-
tion. The RAG Only configuration achieves 0.8351, establishing that context grounding is the 
single most impactful module in the pipeline, consistent with the component removal ablation 
in Table 20. Adding the Bloom Classifier to RAG (Classifier + RAG, 0.8078) yields a slight 
decrease relative to RAG Only (−0.0273), again confirming that the cognitive chain imposes 
overhead that requires per-step verification to be beneficial. The Verification Only configu-
ration (RAG + per-step verification, without Bloom routing) achieves the highest overall GT 
Cosine (0.8408), demonstrating that per-step grounding verification is highly effective even 
without cognitive scaffolding and further establishing retrieval-augmented verification as the 
dominant performance driver. 

Together, the component isolation results complement the component removal findings 
in Table 20 and yield three converging design insights. First, RAG grounding is the founda-
tional module; its presence or absence dominates all other configuration choices. Second, the 
Bloom Classifier requires both RAG and verification to deliver its benefit: in isolation it is the 
weakest configuration, but in the full system it provides the cognitive structure that drives the 
C3 and C4 gains observed in the main results. Third, Verification Only is a strong alternative 
for applications where cognitive scaffolding is not required. The Full system's advantage is 
concentrated at the mid-to-high Bloom levels where pedagogical structure matters most. 

4.12. Discussion 

The classifier addresses the first gap identified in the introduction: confining all nine 
misclassifications to adjacent Bloom levels means the predicted label is reliable enough to 
serve as a routing decision, rather than something to be validated and discarded after the fact, 
as prior Bloom classifiers have typically been used. Its margin over the next-best model is 
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modest in absolute terms. Yet this margin matters disproportionately for pipeline integrity 
because a single misclassification can misdirect the template and decomposition depth for 
every downstream module. The second gap, the absence of cognitive ordering within con-
ventional CoT prompting, is addressed by the consistency of the strategy ranking itself: Cog-
CoT outperforms Zero-Shot, and Zero-Shot outperforms Standard CoT, across all nine 
model-dataset combinations without exception. That this ranking holds across three architec-
turally distinct models developed by three independent organizations (Google, Meta, and 
Alibaba) suggests the improvement stems from the scaffold rather than from an incidental 
alignment between a model and the prompt wording. The ablation study closes the third gap 
by identifying where this property originates: removing RAG or verification yields the two 
largest drops in GT Cosine Similarity, supporting the claim that per-step grounding, not de-
composition alone, prevents the answer from drifting. 

The degradation observed under Standard CoT is arguably the more consequential find-
ing here, since it is unexpected given that CoT prompting is routinely treated as a safe default. 
Instructing the model to reason step by step, without any cognitive scaffold, not only fails to 
help in this RAG setting; it also produces a measurable 7–8% decline on the Indonesian data 
and a comparable margin on the English benchmark. Because this pattern held across three 
model families built through three distinct instruction-tuning procedures, it is difficult to at-
tribute the effect to any single model’s training process. The explanation proposed earlier, 
that retrieval-context abandonment increases under verbosity pressure as an open-ended rea-
soning chain draws increasingly on parametric memory rather than the retrieved passage, is 
consistent with this pattern but was not measured directly at the token level; confirming the 
mechanism more precisely is left to future work. What the result does establish, independent 
of mechanism, is where Cog-CoT’s value actually sits: its advantage over Standard CoT 
(+12% to +15% GT Cosine Similarity) is roughly twice its advantage over Zero-Shot (+4% 
to +7%), indicating that the scaffold’s primary function is to prevent unscaffolded reasoning 
from damaging output quality, more than it is to outperform the model’s default behavior. 

The level-by-level breakdown qualifies the headline claim that Cog-CoT improves on 
Zero-Shot, since the improvement is not uniform across Bloom levels. C4 and C5 perform 
best under Cog-CoT, which is unsurprising given that the Deconstruct→Examine→Re-
late→Synthesize sequence used at C4 and the Set Criteria→Gather Evidence→Judge se-
quence used at C5 both resemble the structure IPS teachers already use when writing com-
parative or evaluative answers. C6 behaves differently; the fixed cosine threshold penalizes 
answers that express content the retrieved context already supports using different wording, 
working against the model rather than for it. Because BERTScore is more tolerant of lexical 
variation and reverses this verdict when applied to the same C6 outputs, the underlying issue 
appears to lie more with evaluation sensitivity than with generation failure; the C6 problem 
is, at least in part, an artifact of measuring correctness against a single teacher’s phrasing rather 
than a genuine shortcoming in what the model generates. 

The verification statistics require careful interpretation, since an unqualified reading of 
Table 12 might suggest the pipeline fails most of the time it runs. PASS rates of 6.8–24.3% 
appear low until the case studies in Table 13 are considered. Case A scores 0.583 not because 
the underlying reasoning is incorrect but because it paraphrases the retrieved context rather 
than echoing it; Case B scores 0.186 because a one-sentence factual answer is being compared 
against a long, multi-topic passage, a setting in which cosine similarity is known to underesti-
mate semantic relatedness. Only Case C, where the decomposer introduces a sub-question 
with no grounding in the source material, represents a genuine failure, and even there the 
error originates in the decomposition module rather than in verification itself. The retry-and-
retain logic in Algorithm 2 limits how much this distinction affects the final answer, since a 
FAIL verdict never blocks output; it only determines which of up to three candidate re-
sponses is retained. A high FAIL count is therefore consistent with a pipeline that is func-
tioning correctly under a verification threshold stricter than ground-truth correctness actually 
requires, rather than evidence that the threshold itself is failing. Whether that threshold is 
appropriately calibrated for Indonesian remains an open question: the low absolute PASS 
rates trace back to Indonesian affixation compressing cosine scores even when meaning is 
preserved, which points toward morphologically aware encoders such as IndoBERT or In-
doSBERT as a more suitable verification backbone in the future. 

The external benchmark results distinguish two considerations that are often treated as 
one: whether the architecture itself works, and whether the specific classifier trained for this 
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paper generalizes outside its training distribution. Both the strategy ranking and the degrada-
tion effect are reproduced on SQUAD 2.0 and ASQA, indicating that the architecture does 
not depend on Indonesian morphology or the IPS domain specifically. What does not repro-
duce is absolute performance; GT Cosine Similarity falls from roughly 0.81 on IPS-Genera-
tion to roughly 0.60–0.63 on the English data. Since the classifier was trained exclusively on 
Indonesian IPS questions, it has a limited basis for routing English questions correctly, and 
an incorrect label alters the decomposition depth and prompt template applied throughout 
the rest of the pipeline. This pattern is better understood as a limitation of the specific classi-
fier used in these experiments than as evidence against the underlying design, which is also 
why a multilingual Bloom-level classifier, rather than any modification to the reasoning or 
verification modules, is identified as the most impactful direction for future work. 

5. Comparison 

Table 22 positions Cog-CoT relative to five representative prior approaches along the 
four dimensions most relevant to the research problem: cognitive scaffolding, per-step factual 
verification, cross-architecture evaluation, and cross-domain portability. 

Table 22. Positions of Cog-CoT relative to five prior approaches. 

Approach Cognitive Scaffold Per Step Verification Cross-Arch. Cross-Domain 

Zero-Shot (LLM) None None Yes Yes 

Standard CoT  None (ad-hoc) None Yes Yes 

TreeQA [16] Linguistic dep. None Limited Limited 

RAG + CoT [11] None Output only No No (medical) 

RAG + ReAct [20] None None No Indonesian only 

Cog-CoT (proposed) Bloom C1–C6 Per-step θ=0.65 Yes (3 LLMs) Yes (4 datasets) 

 
Cog-CoT is the only entry in Table 23 that satisfies all four criteria simultaneously. Stand-

ard CoT satisfies the cross-architecture and cross-domain criteria but lacks both cognitive 
scaffolding and per-step verification; the CoT performance degradation findings in Section 
4.11 show that this absence is not a minor oversight but a property that actively inverts the 
technique's advertised benefit in RAG-based educational QA. TreeQA [16] introduces struc-
tured decomposition but grounds it in linguistic dependency rather than cognitive hierarchy, 
which prevents it from enforcing the requirement that every Bloom level receive explicit 
treatment before the target level is addressed. Chen et al. and Tampubolon et al. demonstrate 
that domain-specific grounding through RAG (with output-level verification) or ReAct can 
reduce hallucination. Still, neither system attempts to regulate cognitive depth. Cog-CoT's 
architecture bridges all these gaps, and its GT Cosine Similarity gains of +4.16% to +7.36% 
over Zero-Shot constitute the first architecture-agnostic evidence that Bloom's Taxonomy 
can function as a computational reasoning scaffold yielding consistent pedagogical improve-
ments. 

6. Conclusions 

This paper introduced Cog-CoT, a four-module pipeline that converts Bloom's Taxon-
omy from an evaluation rubric into a first-class computational scaffold. Three findings merit 
emphasis. The LinearSVC Cognitive Classifier effectively routes queries (weighted 
F1=0.9915), ensuring that any misclassifications are strictly confined to adjacent Bloom lev-
els. While classification serves as a secondary support mechanism in this framework, the ab-
sence of LOTS-HOTS confusion provides the highly reliable foundational signal required to 
initiate the subsequent bottom-up cognitive decomposition without propagating routing er-
rors. 

The full Cog-CoT pipeline consistently outperforms Zero-Shot by +4.16% to +7.36% 
in GT Cosine Similarity and outpaces Standard CoT by +12% to +15% across three model 
families and two datasets. That the same ordinal ranking, Cog-CoT > Zero-Shot > Standard 
CoT, holds without exception across nine model-dataset combinations indicates a structural 
rather than incidental advantage: the scaffold constrains the generative process in a way that 
aligns with how ground-truth answers are constructed. Standard CoT consistently degrades 
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relative to Zero-Shot in this RAG-based educational setting, for which this paper offers both 
empirical documentation and a mechanistic account (retrieval-context abandonment under 
verbosity pressure). This finding has immediate practical implications: system designers 
should treat generic CoT as a risk factor rather than a safe default when deploying LLMs in 
document-grounded educational QA. 

Several limitations bound the current findings. First, the Cognitive Classifier is trained 
exclusively on Indonesian IPS questions; its cross-lingual applicability is limited, as evidenced 
by the lower absolute GT Cosine Similarity scores on the English benchmark. Future work 
should evaluate multilingual encoder-based classifiers (e.g., XLM-R, mDeBERTa) trained on 
multilingual Bloom-annotated corpora to remove this bottleneck. Second, all primary exper-
iments are conducted within the IPS domain. While the consistent pattern across IPS and the 
English benchmark suggests some domain robustness, the framework has not been evaluated 
on STEM domains where correct answers differ structurally from narrative social studies 
content. Third, the verification threshold theta=0.65 was calibrated for Indonesian morpho-
logical variation, and the C6 penalization analysis (Table 11) suggests a level-adaptive thresh-
old may better balance verification precision and creative generation at higher Bloom levels. 
Fourth, evaluation relies exclusively on automatic metrics; expert educator assessment of ped-
agogical quality and Bloom-level appropriateness remains an important future validation step. 
Addressing these limitations constitutes a concrete research agenda for extending Cog-CoT 
beyond its current scope. 
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