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—— Abstract

The Bloom Taxonomy provides a useful framework for describing the cognitive demands of Multiple

Choice Questions (MCQs), yet automatically assigning Bloom levels remains challenging due to
category overlap and the limited evidence of higher-order thinking in MCQs. This study aims to
evaluate transformer-based models, including BERT and ModernBERT variants, to enhance their
performance on a four-level Bloom classification task across multiple scenarios, while also conducting
model interpretability and error analysis.

Across 40 settings tested, BERT models consistently outperform a keyword-based baseline,
highlighting the contextual and semantic representations for this task. Performance is broadly
similar between BERT and ModernBERT, with only minor differences across architectures, while
the inclusion of answer options yields only small gains, suggesting that the question stem alone
contains most of the discriminative signal. Besides, cross-linguistic experiments show comparable
results between the original English data and Portuguese, although translated data exhibits a slight
performance degradation, likely due to direct translation noise and subtle syntactic shifts. Errors
are concentrated between adjacent Bloom levels, and models perform best on the Remembering level.
In contrast, the Applying level remains the most difficult class to predict, largely because of class
imbalance and conceptual overlap.

The findings indicate that our approach constitutes a stable pipeline for Bloom classification, but
its performance remains constrained by the intrinsic ambiguity of the taxonomy and the structural
characteristics of the available data.
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1 Introduction

Assessing the difficulty and complexity of educational questions remains a challenging task,
particularly in large-scale settings where Multiple Choice Question (MCQ) are widely used.
Traditional approaches rely on pretesting procedures, pilot studies, or expert judgment
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to assign difficulty levels, but these methods are costly, time-consuming, and difficult to
scale [11]. As a result, there is a growing interest in automated approaches that can infer
question characteristics directly from textual and structural features, enabling more efficient
analysis of large educational datasets.

A key dimension in understanding question complexity is not only in “how difficult a
question is”, but also “what type of cognitive process it requires to be answered”. In this
context, Bloom’s Taxonomy (BT) provides a structured framework to characterize the level of
thinking involved in answering a question, organizing cognitive skills into six hierarchical levels:
1-Remembering, 2- Understanding, 3- Applying, 4- Analyzing, 5-Fvaluating, and 6-Creating (for
the Revised Bloom’s Taxonomy (BT)) [3]. Unlike traditional difficulty measures, which are
often derived from exhaustive student performance data, BT focuses on the item’s intended
cognitive demand, making it suitable for analyzing question design [24]. However, applying
this framework in practice is non-trivial due to the cognitive levels often overlapping, being
context-dependent, and being subjective to interpret, including for specific types of questions,
such as MCQs [22]. Despite these challenges, BT offers a meaningful proxy for complexity
that can be operationalized through multiple Natural Language Processing (NLP) techniques,
from the more traditional to the most recent, enabling automated analysis of educational
content [18].

In this study, we investigate the use of transformer-based models, specifically BERT
architectures [6], to automatically classify MCQs according to BT levels. Our approach
focuses on evaluating how well these models capture the semantic and contextual information
required to distinguish between cognitive levels, using both the question text and, optionally,
the answer options as input. Furthermore, we extend this analysis to a multilingual setting
by comparing model performance across English and Portuguese versions of the same dataset,
using specific BERT models for each. This allows us to examine the impact of language
variation on model behavior, particularly when data is obtained through automatic translation.
In addition to standard classification metrics, we also consider evaluation strategies that
account for the ordinal nature of Bloom levels, providing a more nuanced understanding of
model performance. We also try to analyze how different question formats (fill-in-blank versus
non-fill-in-blank MCQs) and domain can affect classification performance and model global
behavior. All of these aspects are systematically evaluated across multiple experimental
configurations, enabling a comprehensive comparison of modeling choices and their impact
on performance.

To guide this study, we define a set of Research Questions (RQs) organized around three
main topics: model effectiveness, interlingual robustness, and error analysis. These research
questions are designed to assess not only the overall performance of the proposed approaches
but also to better understand their behavior under different configurations, languages, and
data characteristics. The defined RQs are as follows:

1. To what extent can BERT-based models accurately classify MCQs according to Bloom’s
Taxonomy (BT), and how do different configurations affect performance?

2. Do models trained on translated datasets maintain comparable performance across
languages, and how do linguistic and syntactic variations influence classification outcomes?

3. What are the most common misclassification patterns, particularly between adjacent
cognitive levels, and how are these affected by other data typologies?

The remainder of this document is organized as follows: Section 2 reviews related
work on Bloom’s Taxonomy (BT) classification, MCQ assessment, and NLP approaches.
Section 3 describes the datasets, preprocessing steps, model configurations, experimental
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setup, and evaluation metrics. Section 4 presents the results, starting with the baseline and
then analyzing the transformer-based models, including cross-linguistic comparisons, error
patterns, and profiling analyses. Finally, Section 5 summarizes the main findings, limitations,
and future work.

2 Related Work

Bloom’s Taxonomy (BT) has been widely adopted as a framework to classify cognitive
processes in educational assessment, and organizing skills in a hierarchical structure where
higher-order abilities depend on the mastery of lower-order ones [14, 15]. Despite its
theoretical clarity, the practical application of BT remains challenging, as educators often
struggle to consistently define and distinguish between cognitive levels due to their progressive
dependencies and overlapping competencies [14]. The classification of questions is also
inherently subjective since learners may interpret the same item differently depending on
their knowledge, confidence, and problem-solving strategies [18, 29].

These challenges are particularly evident in the context of MCQs, one of the most widely
used assessment formats in education [16, 23]. While MCQs are effective in evaluating
factual knowledge (Remembering) and even higher cognitive skills, research consistently
shows that they predominantly target the lowest levels of BT [23]. Although well-designed
MCQs may assess intermediate levels such as Applying and Analyzing, the highest cognitive
processes, of Evaluation and Creation, are rarely captured, as they typically require open-
ended responses [15]. Moreover, even within the same question type of MCQs, items can vary
substantially in complexity, a distinction that broad taxonomic levels can fail to capture [22].
To address these limitations, several works adopt a simplified representation of BT by
grouping levels into lower-order and higher-order categories, thereby improving results and
better reflecting the practical constraints of MCQ-based assessment [19, 31].

Classification using Bloom’s Taxonomy

Early NLP approaches for BT classification relied on keyword/rule-based methods, using
simple pre-processing techniques and predefined verb lists, or n-gram classifiers [8]. While
achieving reasonable performance on lower levels, such as Remembering (around 75% ac-
curacy), they perform poorly on higher levels, reflecting their inability to capture deeper
semantic meaning [4, 20]. Building upon these limitations, more advanced approaches have
explored emerging Machine Learning (ML) and NLP techniques to better capture semantic
and contextual information.

In non-MCQ settings, transformer-based models such as BERT have demonstrated
superior performance compared to traditional methods, significantly improving classification
metrics across Bloom levels and effectively modeling contextual dependencies in educational
texts [14, 21]. Additionally, studies in other languages and domains, such as Indonesian
question classification, have combined lexical and syntactic feature extraction with ML
models, including SVMs. These studies demonstrate that BT classification can generalize
beyond English, although performance remains dependent on feature quality, POS-tagging-
based feature extraction, and dataset size [13, 14]. These findings suggest that, while
BT captures cognitive processes that are largely language independent, its classification
remains inherently complex across linguistic settings. To address possible language-related
limitations, other NLP studies, involving sentiment analysis or semantic similarity, have
explored translation strategies, often achieving consistent or even improved performance over
the native language [26].
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Focusing on MCQ-based contexts, which introduce additional structural complexity,
based on shorter question lengths, recent works have focused on leveraging transformer
architectures with more sophisticated input representations to model relationships between
question stems and answer options (e.g., using separated inputs such as “[SEP] Options”
tokens) [24]. BERT models have been applied to classify MCQs according to BT, showing
good performance, particularly at lower cognitive levels. Reported results indicate that
classification accuracy improves significantly when simplifying the label space, increasing
from 59.2% in the full six-level setting to 68.52% when merging underrepresented categories,
and reaching 82.61% when further removing these classes [32]. These improvements are
largely driven by the aggregation of less frequent classes, particularly the Applying, which is
merged with higher-order categories to mitigate class imbalance and improve model learning.
Similar trends are observed in Naive Bayes classifiers, where collapsing all of the BT levels,
except Remembering, also leads to improved performance, albeit with limitations in cross-
domain generalization [19]. Overall, these approaches are constrained by the imbalance and
relatively small size of available datasets, which hinder the learning of higher-order cognitive
distinctions [5]. Although performance improvements of the model understanding often come
at the cost of reduced label granularity, as simplifying higher-order levels limits the ability
to fully represent BT cognitive hierarchy [19, 32].

Even more recent approaches explore Large Language Models (LLMs) and specialized
architectures for MCQ analysis, achieving strong performance on factual tasks, but still
struggle with higher-order reasoning, with performance decreasing with cognitive complexity
and item difficulty [2]. While these methods are not directly focused on BT classification, but
rather on their generation, they provide relevant insights into how models handle different
cognitive levels. In particular, these LLMs can generate and classify Bloom questions, but
ensuring consistent quality and alignment across cognitive levels remains challenging, with
discrepancies observed between automated and human evaluation [12]. Furthermore, as
mentioned previously, the MCQ format itself introduces additional limitations to these
strategies, as its structure can obscure item discrimination and hinder the reliable assessment
of higher-order cognitive processes [9, 23].

3 Methodology

This section describes the study’s pipeline, including the datasets, experimental setup,
hyperparameter configurations, and evaluation metrics for the proposed models.

3.1 Data

In this study, we utilized two publicly available educational datasets, namely EduQG?
and EduQuest? [7, 10]. From the latter, we primarily leveraged questions sourced from the
OpenStax platform, covering Economics (3e), Microeconomics (2e and 3e), and Organizational
Behavior. In contrast, EduQG does not provide explicit domain labels, but mainly contains
science-related questions. Overall, merging these sources results in a more diverse dataset,
both in terms of subject coverage and question structure.

To prepare these datasets, we first filtered only MCQs, which were identified either
through an existing boolean indicator provided in the datasets or programmatically by
parsing Question+Options structures in the text column. Then, only instances annotated

2 https://github.com/EchizenKurage/EduQG
3 https://github.com/aegonwolf/EduQuest
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Table 1 Processed dataset summary statistics for each Bloom cognitive level (the last 3 columns
represent a mean and standard deviation for each Bloom level).

BT Level Count (%) OPTs <3 words Fillblank ratio Question char OPTs char OPTs words
1 — Remembering | 1132 (26.88%) 516 49.29% 92 + 51 103 + 113 15 £ 17
2 — Understanding | 1737 (41.25%) 372 45.83% 119 £ 70 156 £ 127 23 £ 20
3 — Applying 335 (7.96%) 147 27.76% 206 + 167 122 + 147 19+ 24
4 — Analyzing 1007 (23.91%) 258 24.73% 214 £ 172 156 £+ 119 25+ 19

with a BT cognitive level were considered, ranging originally from 1 (Remembering) to 6
(Creating). In addition, to ensure greater consistency and mitigate class imbalance, only the
first four levels of BT were considered. This decision was motivated mainly by: i) the limited
representation of these classes in the merged dataset (166 and 16 instances out of a total of
4393 for Fvaluating and Creating levels, respectively), and ii) the difficulty of identifying the
top two levels of high-order thinking within the context of MCQs [15].

The merged dataset differs in both structure and domain coverage, encompassing variations
in subject matter, as well as in question formats, including both standard and “fill-in-blank”
MCQ items. This heterogeneity introduces increased complexity to the task while also
supporting the research objective of evaluating the model’s global performance in a cross-
domain setting. Table 1 summarizes the main characteristics of the resulting dataset across
the four BT levels considered in this study.

As shown in Table 1, the distribution of instances is skewed toward lower cognitive
levels (Remembering and Understanding), which together comprise the majority of the
dataset, while Applying is notably underrepresented. This discrepancy may stem from the
annotator’s subjective association of questions with BT levels, which can be inherently
debatable. Despite the imbalance in sample sizes, some trends emerge, particularly structural
differences in answer options. Lower levels, especially Remembering, show more options with
fewer than three words, indicating a reliance on short, direct answers. However, this can be
domain-dependent, as in questions involving numerical or formula-based reasoning, options
often remain concise regardless of level, typically representing final results, which can bias
length averages. Additionally, Understanding and Analyzing exhibit similar option lengths,
suggesting that length alone does not capture cognitive complexity, while question length
generally increases with higher levels.

The ratio of fill-in-blank items also decreases progressively with increasing cognitive level,
indicating that higher-level questions rely less on simple recall formats.

3.2 Experimental setup

This section describes the experimental setup, including model configurations, input repres-
entations, and training procedures for the level-specific Bloom classification task.

As an initial approach, we implemented a solution based on predefined keyword/verb
lists associated with each BT level (Table 2). Each question is assigned to a cognitive level
based on the presence of specific keywords in the text. However, some action verbs, such
as “classify”, may appear at multiple levels, introducing ambiguity into this method, which
requires certain heuristics. Prior to keyword matching, we applied simple text preprocessing
to both the BT keyword lists and the question texts, including lowercasing, stopword removal,
and stemming, in order to reduce lexical variability and improve matching consistency.

4:5
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Table 2 BT levels and typical keywords of each Bloom level (adapted from [3]).

Bloom # ‘ Bloom Level | Typical Keywords

1 Remembering | choose, define, find, how, label, list, match, name, omit,
recall, relate, select, show, spell, tell, what, when, where,
which, who, why

2 Understanding | classify, compare, contrast, demonstrate, explain, extend,
illustrate, infer, interpret, outline, relate, rephrase, show,
summarize, translate, understand

3 Applying apply, build, choose, construct, develop, experiment, with,
identify, interview, make, use, of, model, organize, plan,
select, solve, utilize

4 Analyzing analyze, assume, categorize, classify, compare, conclusion,
contrast, discover, dissect, distinguish, divide, examine,
function, inference, inspect, list, motive, relationships,

simplify, survey, take, part, in, test, for, theme

However, this approach has several limitations, as it is highly sensitive to ambiguity, with
the same keyword often corresponding to multiple cognitive levels; questions may contain
a variety of relevant keywords or none at all, making the decision less straightforward. In
such cases, tie-breaking rules are required, introducing heuristics that may not generalize
well. Despite these limitations, this method provides a simple and interpretable baseline for
comparison with the fine-tuned BERT-based models, although its performance is expected
to be very limited.

Building upon the baseline approach, we explore transformer-based models to capture
contextual and semantic information, with the main objective not only to evaluate global
performance but also to assess the model’s ability to distinguish between consecutive cognitive
levels and to analyze disparities across languages. In particular, we aim to investigate whether
models trained on the same data but directly translated into Brazilian Portuguese exhibit
significant differences compared to their original form (English).

To this end, we employed two variants of pre-trained models for each language: i) a
BERT-base version, and ii) a ModernBERT version [30]. For English, a standard BERT-
base model and a ModernBERT model were used, each with 110M and 149M parameters,
respectively. For Portuguese, we used the base version of BERTimbau (110M parameters)
and a multilingual version of ModernBERT to assess the language [28, 17]. For comparison,
the smaller multilingual ModernBERT model was chosen to ensure a similar number of
parameters (140M). Regarding these Portuguese configurations, we obtained the translated
version of the dataset using the deep—translator package?.

To ensure comparability across these four models running process, the same data split
is used for both versions, with an 80/20 train-test ratio and stratification over the target
labels. A fixed random seed is applied so that predictions on the test set remain coherent
across runs of these different models.

The input representation for all models was unified and standardized across all experiments
to reduce noise and redundant information. Each instance is encoded as a sequence combining

1 https://pypi.org/project/deep-translator/
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MCQ with a "fill-in-blank” format and labeled as "REMEMBERING" in Bloom's Taxonomy

English Portuguese (Brazilian version)

For a perfectly competitive firm, the marginal cost X Para uma empresa perfeitamente competitiva, a

curve is identical to the firm's Direct curva de custo marginal é idéntica a
Translation N da empresa.

A. demand curve | A. curva de demanda

B. supply curve B. curva de oferta

C. average total cost curve C. curva de custo total médio

D. average variable cost curve D. curva de custo variavel médio

( Input Representations )

Y A

[Q]: Para uma empresa perfeitamente competitiva, a
curva de custo marginal é idéntica a [FBLANK] da
empresa. [SEP] [OPT1]: curva de demanda [SEP]
[OPT2]: curva de oferta [SEP] [OPT3]: curva de
custo total médio [SEP] [OPT4]: curva de custo
variavel médio

L_ __ SwesEsy : w/ options config

[QI: For a perfectly competitive firm, the marginal
cost curve is identical to the firm's [FBLANK]. [SEP]
[OPT1]: demand curve [SEP] [OPT2]: supply curve

[SEP] [OPT3]: average total cost curve [SEP] [OPT4]:
average variable cost curve

Figure 1 Example of input representations for the original English version and the Brazilian
Portuguese translation.

the question and, optionally, its answer options, with the following structure: “[Q] <question
text>” (with [FBLANK] tokens replacing blanks, when applicable), followed by “[SEP]” and
the options starting as “[0PT1] <option 1 text>”. These representation and masking
techniques are applied consistently to both English and Portuguese inputs, as illustrated in
Figure 1, through a fill-in-blank Remembering MCQ example. Based on this formulation,
we explicitly control the inclusion of answer options in the input sequence. Therefore, all
configurations are evaluated under two conditions: with and without answer options, enabling
a direct assessment of their impact on the model’s ability to infer the specific Bloom level.

BERT Hyperparameter tuning

Hyperparameter tuning was performed through a randomized search over predefined ranges
for key parameters, including learning rate, weight decay, batch size, and warmup steps. To
systematically explore this search space, we employed Optuna [1], running a total of 24 trials
to identify the most suitable configurations. The optimization objective was the weighted
Fl-score, and the final hyperparameter settings were selected based on the 3 best-performing
trials. So, the resulting configuration of hyperparameters used for all models in this study
was essentially: learning rate = 1.25 x 107°, training and evaluation batch size =
16, number of training epochs = 10 (with a callback of early stopping using a patience
of 2 epochs), weight decay = 0.04, and warmup steps = 0.1.

Class Selection

A complementary study was conducted to evaluate the impact of different class configurations
on model performance. Initially, multiple setups were explored within a single model (BERT-
base English), including merging adjacent levels (e.g., combining levels: {3,4} or {3,4,5,6}),
removing higher levels ({3,4} or {3,5,6}), or even both (e.g., dropping 5,6 and merging 3,4)
[32, 19]. While some of these configurations yielded improved performance (primarily those
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that reduced class granularity), the results are not directly comparable due to changes in
the original classification task itself. Despite these improvements, the final decision was to
maintain the four-level setting (dropping the 5-Fvaluation and 6-Creation questions), as
justified with the support of Table 1 and related work [19, 32]. Overall, evaluating each level
independently was considered more meaningful for addressing RQ3 than merging classes,
even at the cost of lower performance.

3.3 Evaluation metrics

To evaluate the performance of the fine-tuned models, we consider a set of standard classi-
fication metrics: accuracy, macro Fl-score, weighted F1-score, and macro AUC. Accuracy
provides a general measure of correctness but may be misleading in the presence of class
imbalance. To address this, we report the macro F1l-score, which treats all classes equally,
highlighting performance on underrepresented classes, and the weighted F1-score that ac-
counts for class frequency, in order to provide a more representative measure of overall
performance. Given this class imbalance and to account for support, the weighted F1-Score
is used as the primary metric for monitoring training and selecting the best model across
epochs.

Beyond these traditional metrics, we also introduce additional evaluation measures, based
on accuracy, to capture the ordinal nature of Bloom’s Taxonomy levels: Adjacent Accuracy
and H/L Order Accuracy. Since misclassifications between adjacent levels are less severe
than those across distant levels, these metrics provide a more nuanced and interpretable
assessment of the traditional accuracy by accounting for levels within adjacent classes or
subgroups.

Adjacent Accuracy (Adjy,) considers a prediction correct if it matches the true label or
differs by at most one adjacent class level, as shown in Equation 1.

Ntest
. 1 .
Adjy, = Now Z (19 —wil < 1) (1)
est =1

In turn, H/L order accuracy evaluates whether predictions fall within the same ordinal group,
being these groups: Low-order ({1,2}) and High-order ({3,4}). A prediction is considered
correct if both predicted and true labels belong to the same group:

Niest i ow
H/L = Ntl > (9@) =), 9ly) = {? iz E E,zﬁ E;‘gh)) .
est i=1 ! ’ '

This metric can be generalized to the full six-level Bloom taxonomy by redefining the
grouping function accordingly. However, in our four-level setting, it behaves similarly to
adjacent accuracy (Adj,,), effectively ignoring only confusions between the intermediate
Understanding and Applying levels to focus on broader cognitive distinctions instead. In
essence, this corresponds to a dichotomization ({1,2} and {3,4}) of the resulting confusion
matrix after training the model on the four-level classification task, rather than explicitly
training a separate model for high/low-order classification; this would constitute a simpler
task, as the model would not need to differentiate between all classes and would likely yield
higher accuracy values in the binary classification than this new metric in the multi-class
task.

Finally, in the evaluation phase, we explore two alternative strategies for interpreting
the model output probabilities. The first corresponds to the standard argmax approach,
where the predicted class is selected as the one with the highest probability, while the
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second approach computes a weighted average of the class probabilities, leveraging the ordinal
structure of the labels. This method, which led to more robust models in other NLP tasks [25],
assigns greater weight to lower-probability classes, particularly at levels {3,4}, which enables
smoother predictions and provides additional insight into borderline cases where the model
expresses uncertainty.

Besides, to reduce the impact of randomness during training, each experiment is repeated
5 times with different random seeds. The reported results correspond to the mean of the
evaluation metrics across these runs, providing a more reliable estimate of model performance.
Considering all configurations, this yields a total of 40 training runs, derived from 4 model
variants (with the corresponding language), 2 input settings (with and without answer
options), and 5 repetitions per configuration. The two methods shown to evaluate the
probability vector don’t affect the entire training (across the 40 training runs mentioned),
but only the metrics and confusion matrix derived from the predictions.

4 Results

This section begins with an evaluation of the baseline model, keyword-based approach, fol-
lowed by a comprehensive analysis of the BERT-based configurations. Multiple experimental
setups are compared, with particular focus on their respective advantages and the identifica-
tion of consistent performance patterns across models, input representations, and prediction
strategies. Subsequently, a targeted error analysis is conducted to examine common mis-
classification trends, with special attention given to discrepancies observed between English
and Portuguese predictions, supported by illustrative examples. Finally, the analysis is
extended through the use of profiling variables, enabling a more granular assessment of model
performance across Bloom levels, as well as across structural and contextual dimensions,
such as fill-in-blank questions and topic-related categorical features.

Baseline Model

Before advancing to the evaluation of the learning-based models, it is important to analyze
the performance of the baseline approach. First, it is relevant to notice that the baseline
classifier operates deterministically over the entire dataset, as it does not involve any training
phase, but instead assigns labels based on predefined keyword rules, already shown in Table 2.
The resulting confusion matrix is shown in Figure 2.

The baseline classifier yields notably poor performance, as reflected in the low metric
values (all close to 0.2). These results highlight the limitations of relying solely on keyword-
based heuristics for Bloom level classification. From the confusion matrix, it is evident that
the classifier exhibits a strong bias toward specific classes, with emphasis on Applying and,
to a lesser extent, Remembering, which are frequently “overpredicted” regardless of the true
label. For instance, a large portion of Understanding instances are incorrectly assigned
to Applying, indicating that the presence of certain keywords may be misleading or overly
generalized across levels.

Moreover, a substantial portion of the dataset remains unclassified, as many questions do
not contain any of the predefined keywords. This is reflected in the large number of samples
in the “no_keyword” category (+80% of the samples in {1,2,3} levels and ~ 74% in the 4th
level - Analyzing), which significantly limits the coverage and effectiveness of this approach.

These results reinforce the limitations of these simple rule-based methods, underscoring
the need for models that capture deeper contextual and semantic information.
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Unclassified

Acc=0.200 | MacroF1=0.198 | WeightedF1=0.204

986

Remembering -

1419

True

271

Analyzing

no_keyword

Predicted

Figure 2 Confusion Matrix of the Baseline Model: Classification by keyword-based approach.

Transformer-based models

Moving on to the fine-tuned BERT models, Table 3 presents the performance of the different
BERT-based configurations across languages, input settings, and prediction strategies. In
this table, the colored arrows indicate the comparison by excluding the options in one color
and changing the prediction strategy in another color. In turn, the arrows in ModernBERT
compare each line to its mirror in the “simpler” BERT, without this clear color separation
between options and strategy subgroups.

Table 3 BERT-Models configurations results for the specific class of BT: mean after 5 runs of
each config.

Model Configuration w/ the 1st 4 classes of BT Classification Metrics (mean of 5 runs)

Model Lang. + OPT? Pred. Strat. Acc. MacroF1 WeightedF1 Adj (+ 1) H/L order Macro AUC
BERT-base EN v argmax 0.6989 0.6243 0.6922 0.8598 0.8273 0.8665
BERTimbau-base PT v argmax 0.6892 0.6201 0.6824 0.8486 0.8202 0.8635
BERT-base EN X argmax 0.6968 | 0.6209 | 0.6879 | 0.8520 | 0.8256 | 0.8625 |
BERTimbau-base PT X argmax 0.6878 | 0.6361 1 0.6837 | 0.8475 | 0.8187 | 0.8566 |
BERT-base EN v weighted avg | 0.6486 |  0.5882 | 0.6613 | 0.8982 1 0.8244 | 0.8665
BERTimbau-base PT v weighted avg | 0.6372 |  0.5754 | 0.6482 | 0.8887 1 0.8187 | 0.8635
BERT-base EN X weighted avg | 0.6377 || 0.5780 || 0.6491 || 0.8963 |1 0.8223 || 0.8625 |
BERTimbau-base PT X weighted avg | 0.6489 1|  0.5893 1| 0.6552 1] 0.8816 |1 0.8211 11 0.8566 |
ModernBERT EN v argmax 0.6904 |  0.6292 1 0.6884 | 0.8550 | 0.8199 | 0.8686 1
mModern-small PT v argmax 0.6878 | 0.6224 1 0.6853 | 0.8503 1 0.8199 | 0.8590 |
ModernBERT EN X argmax 0.6871 | 0.6270 1 0.6838 | 0.8529 1 0.8230 | 0.8672 |
mModern-small PT X argmax 0.6840 | 0.6191 | 0.6793 | 0.8531 1 0.8202 1 0.8563 |
ModernBERT EN v weighted avg | 0.6230 |  0.5718 | 0.6412 | 0.9006 1 0.8166 | 0.8686 1
mModern-small PT v weighted avg | 0.6453 1 0.5889 1 0.6579 1 0.8859 | 0.8178 | 0.8590 |
ModernBERT EN X weighted avg | 0.6380 1 0.5837 1 0.6502 1 0.8916 | 0.8214 | 0.8672 1
mModern-small PT X weighted avg 0.6313 | 0.5765 | 0.6441 | 0.8951 1 0.8192 | 0.8563 |

Overall, these transformer-based models outperform the baseline approach by a large
margin, confirming the importance of contextual and semantic modeling for this task. This
is also aligned with the nature of the annotation process itself, where human annotators rely
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not only on lexical cues but also on semantic understanding, external knowledge, pattern
recognition, and elements of critical thinking. While transformer models are capable of
capturing contextual and semantic information, fully replicating the critical reasoning applied
by human annotators remains a challenging aspect.

Across both BERT-base and ModernBERT variants, the results show very similar per-
formance between the English and Portuguese models, in accuracy and weighted F1-score,
above all. However, a slight and consistent performance drop is observed for the Portuguese
versions. This can be attributed to the use of direct translation, which may introduce
noise or subtle semantic inconsistencies, especially given the greater lexical variability of
the Portuguese language. When comparing model architectures, ModernBERT exhibits
behaviour similar to that of standard BERT-base models, although it does not consistently
improve performance and, in some cases, yields slightly lower metric values. This suggests
that the more recent architecture does not necessarily translate into better results for this
specific task, possibly due to the dataset characteristics or task complexity /meticulousness.

Regarding input representation, the inclusion of answer options leads to marginal im-
provements in performance, particularly in accuracy and weighted F1-score. This indicates
that while the additional context provided by the options is beneficial, its impact is relatively
limited, as the question itself already contains most of the relevant information.

In terms of prediction strategy, the weighted average approach clearly outperforms the
standard argmaz method in Adjacent Accuracy (£1), as expected given its design to account
for ordinal proximity between classes. However, this comes at the cost of lower performance
in strict classification metrics such as accuracy and F1l-score, as well as slightly worse results
for the H/L order metric. This highlights the trade-off between prioritizing exact level
classification and ordinal consistency and reinforces our choice made on Section 3.2.

Macro AUC showed strong values and remained highly consistent across all configurations,
with stable class separability regardless of the model, language, or input setup.

Thus, these results confirm that transformer-based approaches performed way better
than the baseline classifier, while still revealing consistent patterns across configurations.
We now proceed to a more detailed error analysis, focusing on the BERT-base English and
Portuguese variations to better understand the differences in their prediction behavior.

Error analysis between languages

Figure 3 illustrates a side-by-side comparison of predictions for the English and Portuguese
BERT-base models (with options tokenized) on the same set of test examples. While overall
performance is similar, several instances reveal divergences between the two versions, where
one model correctly predicts the Bloom level and the other fails, highlighting the impact of
translation on semantic interpretation.

From the 30 samples, instances 7, 18, 20, 22, and 27 exhibit divergences between the
English and Portuguese predictions, while instance 8 shows divergence in the prediction
strategy for English, and instance 18 for Portuguese. To better illustrate these discrepancies,
we revisit the example presented in Figure 1, which corresponds to example 27 in Figure 3.
This is a MCQ where the model correctly predicts the original English version as Remembering,
but classifies the Portuguese version as Understanding. This difference is also reflected in the
predicted probabilities obtained: the English model assigns 0.56 to Remembering and 0.44
to Understanding, whereas the Portuguese model assigns 0.17 to Remembering and 0.82 to
Understanding, with the remaining probability mass distributed across the other classes.

This example highlights a subtle cross-linguistic difference that can impact the model
prediction. Notably, this example contains none of the main keywords typically used to
associate a BT level (Table 2), making the classification more dependent on contextual
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Figure 3 Model output strategies for each language best configuration: 30 examples of test set.

cues than on explicit lexical signals. The Portuguese formulation introduces a syntactic
restructuring (“a [FBLANK] da empresa”) that weakens the direct possessive cue present in
English (“the firm’s [FBLANK]”), potentially reducing the salience of the underlying economic
relationship and making the cognitive level less distinguishable. So, this reformulation may
shift the question toward a different classification, as the blank is no longer positioned at the
end of the sentence, which may alter the meaning that the model derives from the question.
Still, even in the English version, the prediction remains borderline, as reflected in the close
probabilities between the two classes, likely due to slight nuances.

Variables Profiling

This analysis is conducted post hoc, by profiling the model predictions according to specific
variables, in order to assess whether the model behaves differently across subsets of the
data. This was performed for both the fill-in-blank format and the question subject source,
indicated by a “Book” field in the original dataset.

For a single run of BERT-base English model with answer options and softmax strategy,
performance across fill-in-blank and non-fill-in-blank questions remains largely compar-
able, with consistent variations in the evaluated metrics: Acc = (0.7213 vs 0.6828) and
Weighted F1 = (0.7168 vs 0.6642). From the Sankey plots in Figure 4, most misclassifications
occur between consecutive Bloom levels, which is consistent with the relatively high values
observed for the Adjacent and H/L Order accuracy metrics. This suggests that predictions
tend to remain close to the true class. However, Applying remains the most challenging class,
often being misclassified with adjacent levels, with notable confusion between Understanding
and Analyzing, likely because instances requiring Analyzing also involve Understanding (but
not vice-versa), as well as similarities in question and answer length and structure. Also, it
is important to note that the test set for this profiling variable is unbalanced, with a larger
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BERTbase-ENG; OPTs tokenize: True; Output strategy: argmax BERTbase-ENG; OPTs tokenize: True; Qutput strategy: argmax

fillblank = 1; | n = 348 fillblank = 0; | n = 495
Acc=0.7213 | Macro-F1=0.6533 | Weighted-F1=0.7168 Acc=0.6828 | Macro-F1=0.5879 | Weighted-F1=0.6642
Adj. Acc=0.8879 | H/L-order Acc=0.8678 Adj. Acc=0.8384 | H/L-order Acc=0.8000

Real: Remembering Pred: Remembering

Real: Remembering Pred: Remembering
——

Real: Understanding Pred: Understanding

Real: Understanding Pred: Understanding

Real: Applying

~
AN
[ Real: Applying N~
Pred: Applying [ ]
red: Analyzing
Real: Analyzing

I Real: Analyzing Pred: Analyzing I Pred: Applying
(a) For “fill-in-blank” questions. (b) For non “fill-in-blank” questions.

Figure 4 Sankey Plot and metrics comparison between type of questions (inspired by [12]).

proportion of non-fill-in-blank instances (495 vs 348), which may influence the evaluation,
particularly for Applying, where the disparity in the number of instances is more pronounced
compared to other classes.

Comparing both settings, the fill-in-blank case (Sub-figure 4a) shows slightly more
concentrated flows along correct mappings, whereas the non-fill-in-blank case (Sub-figure 4b)
exhibits marginally more dispersed flows, particularly between Understanding, Applying,
and Analyzing, with notably 61 instances of misclassifications between Understanding and
Analyzing classes. Despite the performance remaining similar across both settings, with
only minor differences in metrics and flow distributions, the patterns evidenced may also be
influenced by the disparity in the typology of questions.

Across topic-based groupings, the classification performance remains largely consistent,
with variations of around 0.02 in the main evaluated metrics. An exception is observed in
the “Organizational Behavior” category, where performance deviates more noticeably (a 0.15
variation), likely due to the limited number of samples available for this domain.

5 Conclusion

This study investigated the effectiveness of different approaches for classifying MCQs accord-
ing to BT, focusing on contextual modeling, input structure, and cross-linguistic robustness.
In line with the defined Research Questions (RQs), several key findings emerge.

Regarding RQ1, the results demonstrate that simple rule-based methods are insufficient
to capture the complexity of this task, reinforcing the need for models that can benefit
from semantic and contextual information. Transformer-based models, specifically BERT
and ModernBERT variants, showed significant improvements over the baseline classifier,
delivering consistent and robust performance across configurations, with satisfactory metric
values. The inclusion of answer options provided marginal gains, suggesting that while
additional context is beneficial, the question itself carries most of the discriminative signal.
Furthermore, the comparison of prediction strategies highlighted a trade-off between exact
classification and ordinal consistency, with the weighted average approach improving the
created “proximity” metrics at the expense of standard accuracy.
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For RQ2, the interlingual analysis revealed that models trained on translated Portuguese
data achieve performance comparable to their English counterparts, although with a slight
and consistent degradation. A small error analysis demonstrated that even subtle syntactic
and structural differences introduced by translation can impact model predictions, particularly
in borderline cases where class distinctions are less clear. These findings emphasize the
sensitivity of such models to linguistic nuances and still highlight the challenges of maintaining
semantic equivalence across languages.

Concerning RQ3, most errors occur between adjacent Bloom levels, particularly Under-
standing, Applying, and Analyzing, highlighting the difficulty of fine-grained distinctions.
Overall, models perform better on Remembering, with performance decreasing at the three
higher levels mentioned, which is consistent with the literature. This is further influenced
by dataset limitations, especially the under-representation of the Applying class. Addition-
ally, performance remains stable across formats and the majority of domains, with gains
in weighted F1-score for fill-in-blank questions and minor deviations between consecutive
levels. Overall, errors are mainly driven by class proximity, data imbalance, and the inherent
ambiguity of Bloom-level distinctions.

Beyond these findings, some limitations should be considered. The dataset is heterogeneous
and partially uncurated, with class imbalance and domain variability, particularly affecting
the most underrepresented class. Moreover, the task itself is inherently complex, as BT
categories are relatively coarse and often overlapping, making fine-grained distinctions
ambiguous. Despite this, the models produce coherent and consistent predictions, with
cross-linguistic results showing aligned behavior between English and translated Portuguese
data. This indicates that transformer-based approaches capture underlying cognitive patterns
that generalize across languages, although performance is still influenced by data quality and
the limits of the taxonomy.

Future work may focus on improving both data quality and modeling approaches. On
the data side, expanding the dataset with additional MCQs while ensuring a more balanced
distribution across Bloom levels, topics, and question types would likely lead to more robust
conclusions, as well as support further class-separation analyses, including simplified two-class
settings. Additionally, incorporating complementary educational frameworks, such as Item
Response Theory (IRT), could provide more nuanced estimates of question difficulty and
enable joint modeling of cognitive level and complexity, though this would require student
response data [27, 24]. Extending this idea from a modeling perspective, future work could
explore hybrid approaches that integrate textual representations with external educational
signals, such as IRT-based features or other metadata, to better capture both semantic and
psychometric aspects of the task. The integration of external knowledge sources, potentially
through retrieval-based mechanisms, may further enhance contextual understanding, while
iterative refinement of such hybrid models could improve generalization and robustness.
Building on such a pipeline, a promising direction would be the creation of a high-quality
Portuguese dataset, for instance, by leveraging LLMs to generate and label MCQs according
to BT or richer multi-label schemes, informed by both semantic and difficulty-related signals.
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