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Abstract

Transformer-based Small (SLMs) and Large
Language Models (LLMs) achieve strong
effectiveness in text classification (TC), yet
deployment requires reliable confidence
estimates. Although miscalibration in Trans-
formers has been reported, evidence for TC
under fine-tuning remains limited. We evaluate
the calibration of fine-tuned SLMs and LLMs
against Logistic Regression, a classical,
well-calibrated baseline, and find that, despite
superior effectiveness, Transformers remain
markedly overconfident. Crucially, we show
that widely used calibration metrics, such as
Expected Calibration Error and Brier Score,
become biased in high-effectiveness regimes,
where the dominance of correct predictions
masks severe miscalibration on errors, some-
times even suggesting better calibration than
Logistic Regression, a well-known calibrated
method. To address this limitation, we propose
the Balanced Brier Score (BBS), which bal-
ances the contribution of correct and incorrect
predictions within confidence bins. BBS
reveals substantially poorer calibration in both
SLMs and LLMs, consistent with qualitative ev-
idence from calibration curves. These findings
challenge current calibration assessment prac-
tices and provide a more reliable alternative
for evaluating confidence quality, particularly
in high-effectiveness regimes where miscali-
bration may otherwise be underestimated.

1 Introduction

Transformer-based models achieve remarkable ef-
fectiveness in text classification, but their confi-
dence estimates remain systematically unreliable.
As a fundamental NLP task, Text Classification
(TC) underpins applications such as sentiment
analysis (Ribeiro et al., 2016), text categorization
(Cunha et al., 2025a), and hate speech detection
(Davidson et al., 2017). Small Language Models
(SLMs), such as BERT and RoBERTa, and Large
Language Models (LLMs), such as Llama and GPT,

have substantially advanced TC effectiveness, with
fine-tuning consistently emerging as the strongest
paradigm over zero-shot and in-context learning
(ICL) (Cunha et al., 2025a; Bucher and Martini,
2024). More critically, we show that widely used
calibration metrics can contradict qualitative evi-
dence, suggesting good calibration even when mod-
els are clearly overconfident.

Beyond high effectiveness, a reliable TC
system must also be well calibrated, meaning its
predicted probabilities should align with the true
likelihoods of correctness (Guo et al., 2017; Brier,
1950). Calibration is essential in decision-making
scenarios, particularly in high-stakes contexts
(Kumar et al., 2019). Even highly accurate models
can be unsafe if their confidence estimates are
misleading: in healthcare, miscalibration may lead
to inappropriate triage decisions, while in credit
assessment, it can result in unjust loan denials.

Recent work has increasingly exposed cali-
bration limitations in Transformer-based models.
Studies in Question Answering (Tian et al., 2023)
and relation extraction (de Oliveira et al., 2025)
show that these models are often poorly calibrated,
typically displaying strong overconfidence.
However, in the context of TC, most prior studies
concentrate on zero-shot or ICL scenarios (Li et al.,
2025), offering limited insight into calibration
behavior when models are fine-tuned.

This leads to a crucial blind spot: current
literature rarely examines calibration in extremely
high-effectiveness regimes, typically attained
after fine-tuning. This omission is consequential,
as tuning remains the pathway to maximum
effectiveness, precisely where calibration matters
most. Moreover, even without tuning, LLMs
already operate in high-effectiveness regimes in
TC tasks, making the calibration question prac-
tically unavoidable. Importantly, SLMs require
fine-tuning to reach peak performance and often
rival or surpass LLMs in TC (Cunha et al., 2025a;
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Figure 1: Calibration curves (a, b, c) and confidence histograms (d, e, f) for Qwen3, RoBERTa, and LR on the Sentistrength-
Digg2L dataset. In the calibration curves, "Expected" denotes the ideal calibration line, where confidence equals empirical
accuracy, and "Predicted" corresponds to the observed empirical accuracy within each confidence bin. A well-calibrated model
should have both lines closely aligned. Calibration curves reveal that while LR closely follows the ideal diagonal, both Qwen3
and RoBERTa systematically deviate from it, indicating pervasive overconfidence (RQ1). Confidence histograms show that
Transformer-based models concentrate virtually all predictions in the highest-confidence bin (> 0.9), explaining why traditional
metrics are dominated by well-calibrated correct predictions and fail to expose miscalibration on errors (RQ2).

Bucher and Martini, 2024), meaning tuned models
represent the predominant deployment scenario.
Consequently, failing to analyze calibration in such
settings leaves a significant gap in our understand-
ing of how these widely deployed models behave
when practitioners rely on their predictions.

Accordingly, our first contribution is a com-
prehensive analysis of the calibration behavior of
fine-tuned Transformer-based TC models. We be-
gin with RQ1: How do tuned Transformers (SLMs
and LLMs) trade off effectiveness and calibration
in TC? To answer this, we evaluate tuned LLMs –
Llama3.1 (Dubey et al., 2024), Qwen3 (Yang et al.,
2025), Gemma (Team et al., 2024), and Mistral
(Jiang et al., 2023) – and compare them against
RoBERTa (Liu et al., 2019), a strong SLM baseline
(Cunha et al., 2025b), and Logistic Regression
(LR), a widely recognized calibrated model (Cunha
et al., 2023a). While tuned LLMs consistently
achieve superior Macro-F1, our calibration anal-
yses expose a clear and concerning pattern: despite
their high effectiveness, Transformer-based
models remain poorly calibrated.

Figure 1(a–c) makes this explicit. Qwen3 and
RoBERTa diverge strongly from ideal calibration
across confidence ranges, whereas LR remains
closely aligned with expected accuracy, as a truly
calibrated model should (DeGroot and Fienberg,
1983; Niculescu-Mizil and Caruana, 2005).

This exposes a deeper question: Is this mis-
calibration intrinsic, or are current calibration
metrics failing in high-effectiveness regimes? We
formalize this as RQ2: Are traditional calibration

metrics reliable for highly effective TC models?
Surprisingly, although calibration curves clearly
reveal overconfidence, Expected Calibration
Error (ECE) and Brier Score (BS) often suggest
excellent calibration, sometimes even surpassing
LR. This contradiction demonstrates that widely
used calibration metrics can contradict qualitative
evidence, suggesting good calibration even when
models are clearly overconfident.

A detailed decomposition explains why. Trans-
formers tend to be reasonably calibrated for
correct predictions but severely miscalibrated
for errors, which still receive extremely high
confidence. Since more than 90% of predic-
tions often lie above 0.9 confidence, incorrect
predictions become both rare and dangerously
overconfident. As a consequence, global metrics
become dominated by correct predictions, masking
true calibration weaknesses. When we exclude
ultra-high-confidence predictions, calibration
scores deteriorate dramatically, confirming that
traditional metrics systematically obscure risk.

Grounded in this limitation, we introduce our
second main contribution: the Balanced Brier
Score (BBS) – a calibration metric designed to
remain informative in high-effectiveness regimes.
BBS balances contributions from correct and
incorrect predictions within each confidence bin,
preventing dominance bias and producing substan-
tially more faithful calibration assessments under
extreme accuracy and confidence concentration.

This motivates RQ3: How does BBS reassess
the calibration of Transformer-based TC models?
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Our results demonstrate that BBS consistently
reveals substantially poorer calibration than tradi-
tional metrics suggest, while strongly aligning with
qualitative evidence from curves and prediction
distributions. This confirms that BBS provides a
more reliable and practically meaningful charac-
terization of calibration in Transformer-based TC.

In summary, we make two key contributions: (1)
the first comprehensive calibration study of fine-
tuned Transformer-based TC models, showing that
widely used metrics can significantly misrepre-
sent model behavior in high-effectiveness regimes;
and (2) the proposal of the Balanced Brier
Score (BBS), a metric designed explicitly for such
regimes, offering a more faithful and actionable as-
sessment of calibration for both SLMs and LLMs.

2 Related Work

Research on neural calibration has evolved
alongside the shift from traditional classifiers
to deep learning. Seminal work by (Guo et al.,
2017) showed that, unlike classical models, Deep
Neural Networks (DNNs) are often miscalibrated
despite strong effectiveness. They linked mis-
calibration to architectural and training factors
(depth, width, weight decay, Batch Normalization)
and demonstrated that post-hoc methods such
as Temperature Scaling (Platt et al., 1999) can
mitigate overconfidence. Although (Guo et al.,
2017) includes TC experiments, it predates
Transformer architectures (Vaswani et al., 2017),
which later reshaped TC (Cunha et al., 2025b).

More recent work examines calibration in pre-
trained SLMs. Studies such as (Desai and Durrett,
2020) and (Xiao et al., 2022) evaluate BERT (De-
vlin et al., 2018) and RoBERTa (Liu et al., 2019)
across in-domain and out-of-domain NLP tasks.
Both report substantially poorer out-of-domain
calibration and reaffirm the usefulness of Tempera-
ture Scaling, consistent with (Guo et al., 2017). In
Section 6.4, we analyze how our proposed metric
behaves under Temperature Scaling and find that,
although it improves calibration on some datasets,
SLMs and LLMs remain poorly calibrated overall.

Parallel efforts investigate LLM calibration,
particularly for generation and reasoning. Surveys
such as (Shorinwa et al., 2025) and (Liu et al.,
2025) summarize challenges and overconfidence
risks, while works like (Lyu et al., 2025) and
(Ulmer et al., 2024) explore alternative confidence
estimation strategies. In TC, (Li et al., 2025) stud-

ies low-resource ICL settings, showing systematic
miscalibration and proposing self-ensembling.

Our work differs in two key ways. First,
unlike prior studies focusing on zero-shot, ICL, or
out-of-domain scenarios, we analyze calibration
in fine-tuned Transformer-based TC models –
the high-effectiveness regime in which they are
commonly deployed. Second, whereas prior work
relies on standard calibration metrics, we show that
such metrics can be misleading in these regimes,
motivating our Balanced Brier Score (BBS),
which remains informative when predictions are
highly confident and overwhelmingly correct.

3 Traditional Calibration Metrics

In this section, we review widely adopted
traditional calibration metrics. We begin by
formally defining TC and model calibration. Let
D = {(xi, yi)}Ni=1 denote the test set, where xi is
an input text and yi ∈ {1, . . . ,K} its true label. A
classifier f maps xi to a probability vector p̂i, with
predicted label ŷi = argmaxk p̂i and associated
confidence ĉi = maxk p̂i. A model is perfectly
calibrated if, for any confidence level c ∈ [0, 1],
the empirical probability of correctness matches
c, i.e., P(ŷ = y | ĉ = c) = c.

To quantify model calibration, two metrics are
widely used in the literature (Guo et al., 2017;
Ulmer et al., 2024): the Brier Score (BS) and the
Expected Calibration Error (ECE).

Brier Score (BS) (Brier, 1950): It measures the
quality of probabilistic predictions by computing
the Mean Squared Error (MSE) between the pre-
dicted probability distribution and the true label
(encoded as a one-hot vector). It is defined as:

BS =
1

N

N∑

i=1

K∑

k=1

(p̂i,k − oi,k)
2 (1)

where p̂i,k is the predicted probability for class
k and oi,k is an indicator equal to 1 if yi = k and
0 otherwise. BS ranges from [0, 2], with lower
values indicating better calibration.

Expected Calibration Error (ECE) (Naeini et al.,
2015): It partitions predictions into M bins based
on confidence ĉ. Let Bm be the indices of samples
in bin m. ECE is computed as the weighted average
of the absolute gap between bin accuracy acc(Bm)
and mean bin confidence conf(Bm):

ECE =
M∑

m=1

|Bm|
N

|acc(Bm)− conf(Bm)| (2)
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where N is the total number of samples. Following
prior work (Li et al., 2025), we use M = 10. ECE
ranges from [0, 1], and, as in BS, lower values
indicate better calibration.

Other works propose variants of ECE, such as
the three metrics presented in (Nixon et al., 2019):
SCE, which considers all class probabilities rather
than only the maximum confidence; ACE, which
modifies the bin separation strategy by using equal-
mass adaptive bins; and TACE, which adds a mini-
mum confidence threshold for instances. There is
also the cw-ECE metric, proposed by (Kull et al.,
2019), which, similarly to SCE, computes calibra-
tion for each class individually. Although these
variants introduce meaningful modifications rela-
tive to the original metric, they all share ECE’s lim-
itation in high-effectiveness regimes (as detailed in
Section 6): the aggregation of predictions without
distinguishing between correct and incorrect ones.
Consequently, in models with high accuracy and
elevated confidence, correct predictions dominate
the computation, diluting the contribution of over-
confident errors. For this reason, we chose to use
only ECE: besides being the most widely adopted
metric in the literature (Chidambaram et al., 2024),
it is already sufficient to highlight the problem we
analyze, whereas using its variants would not sub-
stantially change this conclusion.

4 Balanced Brier Score (BBS) Proposal

As we shall see in Section 6.2, in TC scenarios
where Transformer-based models (SLMs and
LLMs) achieve very high effectiveness, correct
predictions overwhelmingly dominate the evalu-
ation space. In this regime, traditional calibration
metrics such as ECE and BS become biased: they
are influenced by many highly confident correct
predictions and therefore suggest that models are
better calibrated than they actually are.

More specifically, we observe that correct
predictions typically present high confidence and
low calibration error (with BS values close to 0).
Conversely, incorrect predictions are also made
with very high confidence, but incur substantially
higher error (often BS > 1). However, because
incorrect cases are few relative to the total, their
contribution to the global Brier Score and to ECE
is heavily diluted. As a result, the final metric
values appear artificially low, masking systematic
overconfidence on errors – precisely the type of
miscalibration most harmful in real applications.

To address this limitation, we propose the
Balanced Brier Score (BBS), a calibration metric
designed to remain reliable in high-effectiveness,
high-confidence regimes. The key idea is to ensure
that the contribution of incorrect predictions is not
overwhelmed by the abundance of correct ones.
Instead of averaging over all samples, BBS com-
putes the Brier Score on a balanced evaluation set
where correct and incorrect predictions contribute
symmetrically within each confidence region.

The BBS computation proceeds as follows in six
steps: (1) Binning: First, given a set of N instances
D = {(yi, pi)}Ni=1, where yi ∈ {1, . . . ,K} is
the ground truth label and pi is the probability
vector assigned by a classifier f , the predictions
are partitioned into M confidence bins. This
grouping is based on the prediction confidence
ĉi = max pi, following a process similar to the
one used in ECE1. (2) Splitting: For each bin
Bm, split the samples into two groups: correct
predictions (Cm, where ŷi = yi) and incorrect
predictions (Im, where ŷi ̸= yi). (3) Balancing
Size: For each bin, we define the balancing size
km as the minimum between the number of correct
predictions and the number of incorrect predic-
tions: km = min(|Cm|, |Im|). (4) Bin Balancing:
Apply random undersampling to the majority
group in Bm, such that both groups contain exactly
km instances. (5) Aggregation: Let B′

m be
the resulting balanced subset for bin m, and let
D′ =

⋃M
m=1B

′
m be the union of all balanced bins.

(6) Calculation: Compute the standard Brier Score
over D′, resulting in the Balanced Brier Score
(BBS). Due to this final step, BBS ranges from [0,
2], with lower values indicating better calibration.

Algorithm 1: BBS Metric
Input: true label and predictions D = {(yi, pi)}Ni=1,

Number of bins M
Output: BBS value

1 ĉ← {max pi};
2 B ← Divide D into M bins based on confidence ĉ;
3 Dbalanced ← ∅;
4 for each bin Bm ∈ B do

// Correct predictions set
5 Cm ← {i ∈ Bm | ŷi = yi};

// Incorrect predictions set
6 Im ← {i ∈ Bm | ŷi ̸= yi};
7 km ← min(|Cm|, |Im|);

// Random sampling from majority set
8 B′

m ← randomSampler(Cm, Im, km);
9 Dbalanced ← Dbalanced ∪B′

m;
10 end
11 BBS ← BrierScore(Dbalanced);
12 return BBS;

1Following the ECE metric, we set the M = 10.
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By construction, BBS prevents the dominance
of correct predictions from suppressing the
contribution of high-confidence errors. It penalizes
overconfident mistakes with the same magnitude
that it rewards confident correct predictions,
thereby producing a calibration estimate that
remains meaningful even when model effective-
ness is extremely high, as we shall see in our
experiments. In other words, while traditional
metrics converge toward optimistic values in such
regimes, BBS continues to reveal miscalibration
that is consequential in practice. Algorithm 1
summarizes the calculation procedure.

5 Experimental Setup
5.1 Datasets
We evaluate our approach on 6 widely used text
datasets covering different domains, sizes, and la-
bel configurations. Three datasets are binary, while
the others are multi-class. Table 1 summarizes
dataset statistics, including the number of instances
and number of classes for each collection.

dataset Size # Classes
sentistrength digg 2L 782 2
sentistrength myspace 2L 834 2
sentistrength bbc 2L 752 2
ohsumed 18,302 23
trec 5,952 6
twitter 6,997 6

Table 1: Dataset statistics used in the experiments, including
number of instances and classes.

5.2 Classification Models and Fine-Tuning

dataset llama3.1 gemma Mistral qwen3 RoBERTa LR
digg 84.8(4.2)• 86.7(3.7)• 81.3(10.4)• 86.8(3.6)▲ 85.8(5.1)• 63.2(7.3)
myspace 89.5(3.7)• 90.4(3.8)▲ 89.5(2.8)• 88.9(4.7)• 81.1(6.2) 59.0(4.3)
bbc 74.1(5.7) 75.6(6.4)• 74.5(6.4)• 80.3(4.3)▲ 77.9(6.3)• 48.6(2.6)
ohsumed 83.2(0.8)• 83.2(0.7)• 83.1(0.7)• 84.0(1.0)▲ 77.5(1.2) 71.4(1.2)
trec 95.7(1.1)• 96.1(0.8)▲ 95.7(1.2)• 95.8(0.9)• 95.4(0.8)• 68.0(1.9)
twitter 78.9(1.8)• 79.6(1.7)▲ 78.4(1.8)• 79.2(1.4)• 77.8(2.3)• 60.8(1.6)

Table 2: MacroF1. Numbers in () represent 95% CIs. “▲”
indicates the best dataset result, “•” indicates a statistical tie,
and unmarked, a statistical loss compared to the best result.

As the SLM representative, we adopt
RoBERTa (Liu et al., 2019), a strong and
well-established baseline for TC (Cunha et al.,
2025a; Zanotto et al., 2021; Fonseca et al.,
2025). For LLMs, we evaluate four open-
source models from distinct families: Llama3.1
(Llama-3.1-8B) (Dubey et al., 2024), Gemma
(gemma-7B) (Team et al., 2024), Mistral
(Mistral-7B-v0.1) (Jiang et al., 2023), and Qwen3
(Qwen3-8B) (Yang et al., 2025), all of which have
been widely adopted in recent NLP research (Reis
et al., 2024; Fonseca et al., 2025; Li et al., 2025).

To provide a classical calibrated reference, we also
include Logistic Regression (LR) (Wright, 1995),
a model consistently shown to exhibit strong
calibration properties in TC (Cunha et al., 2023a).

All LMs are fine-tuned on each dataset to
adapt pre-trained representations to task- and
domain-specific distributions. Fine-tuning learns
a task-specific fully connected classification head
on top of the [CLS] representation, enabling
supervised TC prediction. For LR, we use TF-IDF
features as input. Before constructing the TF-IDF
matrix, we remove stopwords and retain features
that appear in at least two documents. We then
apply L2 normalization to the resulting TF-IDF
vectors (Cunha et al., 2021).

5.3 Metrics and Experimental Protocol
We evaluate systems from two complementary
perspectives: (1) classification effectiveness,
and (2) model calibration. Effectiveness is
measured using Macro-F1, which is appropriate
in the presence of class imbalance. Calibration
is assessed using calibration curves (DeGroot and
Fienberg, 1983; Niculescu-Mizil and Caruana,
2005), Expected Calibration Error (ECE) (Naeini
et al., 2015), Brier Score (BS) (Brier, 1950),
and our proposed Balanced Brier Score (BBS).
Experiments were conducted on AWS using a
G6e.2xlarge instance. Datasets were evaluated
under 10-fold cross-validation, and statistical
comparisons were performed using a paired t-test
with Bonferroni correction (Cunha et al., 2023b)
to ensure robust significance assessment.

6 Experimental Results

6.1 RQ1: Effectiveness and Calibration

To investigate RQ1, we jointly evaluate
effectiveness (Macro-F1) and calibration using
calibration curves. Table 2 reports Macro-F1
scores. As indicated by “▲” (best), “•” (statistically
tied), and unmarked (inferior) cells, results reveal a
clear trend: Transformer-based models consistently
outperform traditional classifiers, confirming
prior evidence (Fonseca et al., 2025; Cunha
et al., 2025b). Logistic Regression (LR) never
statistically matches SLMs or LLMs, probably
due to the use of the TF-IDF purely frequentist
representation. All Transformer-based models ex-
ceed 74% Macro-F1, reaching 96.1% (Gemma-7B
on TREC), reinforcing their strong effectiveness.
Gemma and Qwen3 are the most successful
overall, each leading across three datasets, whereas
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Figure 2: Calibration curves for Qwen3, RoBERTa, and LR on the SentistrengthMyspace2L, Ohsumed, and Twitter datasets.
Consistent with Figure 1, LR maintains close alignment with the diagonal across datasets, deviating from the ideal pattern
primarily on the Twitter dataset, while Transformer-based models systematically exhibit overconfidence.

dataset Llama3.1 Gemma Mistral Qwen3 RoBERTa LR
BS

Sentistrength digg 2L 0.19(0.05)• 0.18(0.05)• 0.21(0.07) 0.16(0.05)▲ 0.21(0.07) 0.35(0.06)
Sentistrength myspace 2L 0.09(0.03)• 0.09(0.03)▲ 0.10(0.02)• 0.10(0.03)• 0.17(0.05) 0.22(0.02)
Sentistrength bbc 2L 0.16(0.03)• 0.17(0.05)• 0.17(0.04) 0.13(0.03)▲ 0.18(0.06)• 0.23(0.02)
ohsumed 0.22(0.01)▲ 0.23(0.01)• 0.24(0.01) 0.23(0.01)• 0.31(0.01) 0.36(0.01)
trec 0.07(0.01)• 0.06(0.01)▲ 0.07(0.01)• 0.06(0.01)• 0.07(0.02)• 0.49(0.01)
twitter 0.17(0.01)• 0.17(0.01)▲ 0.17(0.01)• 0.17(0.01)• 0.20(0.02) 0.37(0.02)

ECE
Sentistrength digg 2L 0.09(0.02)• 0.09(0.02)• 0.10(0.03) 0.08(0.02)▲ 0.10(0.03) 0.11(0.04)•
Sentistrength myspace 2L 0.05(0.01)• 0.04(0.02)▲ 0.05(0.01)• 0.05(0.02)• 0.09(0.03) 0.06(0.02)•
Sentistrength bbc 2L 0.08(0.01)• 0.09(0.02)• 0.09(0.02) 0.07(0.01)▲ 0.09(0.03)• 0.08(0.03)•
ohsumed 0.09(0.00)▲ 0.10(0.01)• 0.11(0.01) 0.10(0.01) 0.13(0.00) 0.10(0.02)•
trec 0.03(0.01)• 0.03(0.01)▲ 0.03(0.00)• 0.03(0.00)• 0.04(0.01)• 0.12(0.01)
twitter 0.07(0.01)▲ 0.07(0.01)• 0.08(0.01) 0.08(0.01) 0.09(0.01) 0.16(0.01)

BBS
Sentistrength digg 2L 0.67(0.15)▲ 0.84(0.07)• 0.82(0.04)• 0.73(0.18)• 0.89(0.10) 0.68(0.04)•
Sentistrength myspace 2L 0.71(0.14)• 0.79(0.12) 0.82(0.09) 0.79(0.12) 0.95(0.06) 0.62(0.13)▲
Sentistrength bbc 2L 0.70(0.09)• 0.84(0.05) 0.88(0.08) 0.77(0.08)• 0.92(0.06) 0.66(0.14)▲
ohsumed 0.87(0.01) 0.88(0.01) 0.91(0.00) 0.91(0.01) 0.91(0.01) 0.79(0.02)▲
trec 0.88(0.02) 0.90(0.03) 0.89(0.03) 0.89(0.04) 0.94(0.02) 0.68(0.01)▲
twitter 0.87(0.01)▲ 0.90(0.01) 0.91(0.01) 0.92(0.01) 0.92(0.02) 0.89(0.01)

Table 3: BS, ECE, and BBS results for all models. While traditional metrics (BS and ECE) consistently suggest that
Transformer-based models are better calibrated than LR, BBS reverses this ranking in most datasets, revealing that LR is in fact
the best-calibrated model. This contradiction exposes the dominance bias of traditional metrics in high-effectiveness regimes
(RQ2) and demonstrates that BBS provides a more faithful calibration assessment (RQ3). Numbers in parentheses represent 95%
confidence intervals. “▲” indicates the best dataset result, “•” indicates a statistical tie, and unmarked, a statistical loss compared
to the best result.

Mistral remains statistically competitive across
all scenarios. Even RoBERTa and Llama, which
underperform statistically in only two and one
datasets, still substantially outperform traditional
baselines. In short, Transformers establish a
remarkably high standard of effectiveness.

Calibration results, however, tell a different story.
Figures 1 and 2 present representative calibration
curves for Qwen, RoBERTa, and LR across
Sentistrength Digg 2L (Figure 1) and Sentistrength

Myspace 2L, Ohsumed, and Twitter (Figure 2); full
results appear in Appendix A. Ideally, empirical
accuracy (“Predicted”) should match expected
accuracy (“Expected”) across confidence bins. LR
closely approximates this behavior in Sentistrength
Digg 2L and Myspace 2L, deviating mainly in Twit-
ter, reinforcing prior findings that LR is generally
very well calibrated (Cunha et al., 2023a).

In stark contrast, SLMs and LLMs system-
atically deviate from ideal calibration. Except
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dataset
qwen3-8B roberta LR

BS BS Correct BS Error BS BS Correct BS Error BS BS Correct BS Error
Sentistrength digg 2L 0.16(0.05) 0.01(0.00) 1.49(0.19) 0.21(0.07) 0.00(0.00) 1.87(0.07) 0.35(0.06) 0.09(0.01) 1.22(0.13)
Sentistrength myspace 2L 0.10(0.03) 0.01(0.00) 1.67(0.10) 0.17(0.05) 0.00(0.00) 1.94(0.04) 0.22(0.02) 0.04(0.01) 1.25(0.09)
Sentistrength bbc 2L 0.13(0.03) 0.01(0.00) 1.57(0.13) 0.18(0.06) 0.00(0.00) 1.90(0.10) 0.23(0.02) 0.03(0.01) 1.50(0.09)
ohsumed 0.23(0.01) 0.01(0.00) 1.73(0.02) 0.31(0.01) 0.01(0.00) 1.69(0.03) 0.36(0.01) 0.05(0.01) 1.37(0.05)
trec 0.06(0.01) 0.00(0.00) 1.71(0.11) 0.07(0.02) 0.00(0.00) 1.83(0.05) 0.49(0.01) 0.26(0.01) 0.95(0.02)
twitter 0.17(0.01) 0.00(0.00) 1.73(0.05) 0.20(0.02) 0.00(0.00) 1.74(0.03) 0.37(0.02) 0.01(0.00) 1.63(0.04)

Table 4: BS, BS Correct, and BS Error results. BS Correct refers to the BS calculated only on correctly predicted instances;
BS Error refers to the BS calculated only on misclassified instances. Numbers in parentheses are 95% confidence intervals.
Transformer-based models show near-perfect calibration on correct predictions but overconfidence on errors, whereas LR exhibits
a smaller and more balanced gap between the two.

for the highest-confidence bin [0.9, 1.0), observed
accuracy is consistently lower than predicted
confidence, revealing pervasive overconfidence.
This is especially evident for RoBERTa in
Sentistrength Myspace 2L (Figure 2(b)), where
predictions collapse almost entirely into the
highest-confidence bin while still making errors.
Moreover, calibration gaps tend to be larger for
SLMs than for LLMs, indicating even weaker
reliability despite strong effectiveness.

In sum, answering RQ1, Transformer-based
models deliver excellent effectiveness but poor cali-
bration, creating a clear trade-off: despite achieving
SOTA Macro-F1, their probability estimates are un-
reliable compared to traditional models such as LR.
This misalignment between confidence and cor-
rectness exposes a critical reliability limitation
of modern Transformer-based TC systems.

6.2 RQ2: Traditional Calibration Metrics

While calibration curves clearly reveal over-
confidence, we now examine whether standard
metrics capture this behavior. Table 3 reports ECE,
BS, and BBS for all classifiers (BBS analyzed
in Section 6.3). When examining Brier Score
(recall that for all calibration metrics, the lower
the value, the more calibrated), results initially
appear consistent with earlier findings: LLMs
seem more calibrated than SLMs, as Llama3.1,
Gemma, Mistral, and Qwen3 consistently achieve
lower BS values than RoBERTa. However, a
more surprising and concerning pattern emerges.
Contrary to the calibration curves in Section 6.1,
BS suggests that LR is actually worse calibrated
than all Transformer-based models, despite
visually appearing the most reliable one. This
contradiction becomes evident in datasets such
as Sentistrength Myspace 2L (Figure 2(a–c)),
where LR closely follows the ideal curve while
Transformers clearly do not – yet BS still favors
them. A similar mismatch is observed with ECE:
Transformer models achieve excellent ECE scores,

with LLMs obtaining the best calibration results
across all datasets, outperforming LR or remaining
statistically equivalent to it in every dataset.
Despite matching the best results in only 2 datasets,
SLMs achieve extremely low ECE values, with the
worst recorded value being 0.13 (ohsumed dataset),
which can still be considered very good calibration.
Taken together, ECE and BS convey a misleading
message that highly effective Transformers
are well calibrated, in direct contradiction with
calibration curve evidence, strongly suggesting that
traditional metrics systematically mask severe
overconfidence in high-effectiveness regimes.

To explain this discrepancy, we decompose BS
into contributions from correct (BS Correct) and in-
correct (BS Error) predictions. Results in Table 42

reveal a consistent pattern: Transformer-based
models show near-perfect calibration on correct
predictions (BS between 0.0 and 0.1), but calibra-
tion collapses on errors, where BS often exceeds
1.49 and reaches 1.943, indicating extreme over-
confidence when wrong. In other words, they are
confidently right, but also confidently wrong. LR
behaves more evenly: although still poor on errors,
its BS never reaches such extremes, and the gap be-
tween BS Correct and BS Error is notably smaller.

Confidence histograms in Figures 1 (d–f) and 34

reinforce this interpretation. Transformer proba-
bilities concentrate almost entirely in the highest-
confidence bin (> 0.9). Thus, BS and ECE appear
excellent because most predictions are both confi-
dent and correct. However, when errors occur, they
do so with very high confidence, a behavior that
reveals severe overconfidence and poor calibration.

Table 5 reports ECE and BS after removing
predictions with confidence exceeding 0.9. In this
scenario, Transformer models exhibit substantially
worse calibration than suggested by traditional

2For space reasons, we report Qwen3, RoBERTa, and LR.
Full results appear in Appendix B.

3BS ranges in [0,2] (Brier, 1950).
4Full histograms in Appendix A
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Figure 3: Confidence histograms for Qwen3, RoBERTa, and LR on the SentistrengthMyspace2L, Ohsumed, and Twitter
datasets. Transformer-based models concentrate more than 90% of their predictions in the highest confidence interval, while LR
distributes predictions more uniformly across the entire confidence spectrum.

metrics. In the case of BS, values that previously
ranged around 0.10 and at most 0.31 now reach a
minimum of 0.44. ECE displays similar behavior,
with values that did not exceed 0.13 rising to above
0.20. LR, in turn, also deteriorates, but with a
noticeably smaller variation: the average ECE in-
creases from 0.10 to 0.15, remaining more closely
aligned with the calibration curves presented
earlier. In summary, answering RQ2, the evidence
indicates traditional metrics are dominated by
well-calibrated correct predictions and fail to
expose catastrophic miscalibration on errors. Our
results suggest that current calibration practices
may systematically underestimate miscalibration,
particularly in modern NLP systems.

6.3 RQ3: BBS

To answer RQ3, we revisit the BBS results
presented in Table 3. Upon applying the BBS, we
observe a contrast with respect to traditional met-
rics. While BS and ECE suggest that Transformers
are better calibrated than Logistic Regression
(LR), the BBS reveals the opposite reality. As
demonstrated in Table 3, LR achieves the best BBS
values on four out of six datasets (myspace, bbc,
ohsumed, and trec), consistently outperforming
Transformer-based models in terms of calibration.
The only exceptions occur on the Sentistrength
digg 2L dataset, where Llama3.1 obtains the best
result but is statistically tied with LR, and on

the Twitter dataset, where the calibration curves
(Figure 2 (i)) had already indicated that LR did
not exhibit good calibration. Focusing on the LLM
results, we observe that Llama3.1 emerges as the
most calibrated Transformer model, achieving the
best result on 2 datasets (digg and Twitter) and
being statistically comparable to the best result on
2 others (myspace and bbc).

Conversely, BBS reinforces the observation
that SLMs are less calibrated than LLMs, with
RoBERTa yielding the worst results in four of the
six datasets and statistically tying for the worst
in the remaining two. This finding may have
important practical consequences, as recent work
shows that, in TC, fine-tuned SLMs often offer a
better cost–effectiveness trade-off than LLMs in
zero-shot, in-context, or fine-tuned settings (Cunha
et al., 2025b; Bucher and Martini, 2024). If LLMs
consistently provide better-calibrated confidence
than SLMs, model choice should weigh not only ef-
fectiveness and inference cost, but also uncertainty
quality. In risk-sensitive contexts, even modest
calibration gains can materially improve threshold-
ing, abstention, and human-in-the-loop decisions.
In contrast, an overconfident SLM can be oper-
ationally risky despite strong Macro-F1, since
confidence-driven policies may amplify its errors.
Overall, our findings motivate viewing SLM–
LLM selection as a three-way trade-off among
effectiveness, efficiency, and calibrated confidence.
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dataset Llama3.1 Gemma Mistral Qwen3 RoBERTa LR
BS<90

Sentistrength digg 2L 0.48(0.13)• 0.61(0.19) 0.51(0.10)• 0.51(0.11)• 0.58(0.36)• 0.42(0.06)▲
Sentistrength myspace 2L 0.55(0.29)• - 0.42(0.21)• 0.52(0.23)• - 0.39(0.06)▲
Sentistrength bbc 2L 0.45(0.09)• 0.43(0.19)• 0.65(0.25) 0.56(0.17) - 0.35(0.07)▲
ohsumed 0.70(0.03) 0.74(0.04) 0.76(0.03) 0.78(0.04) 0.82(0.04) 0.66(0.03)▲
trec 0.58(0.08)• 0.57(0.10)• 0.59(0.15)• 0.63(0.12)• 0.70(0.14) 0.52(0.01)▲
twitter 0.70(0.07)▲ 0.70(0.07)• 0.78(0.07)• 0.74(0.11)• 0.83(0.08)• 0.86(0.04)

ECE<90
Sentistrength digg 2L 0.23(0.08) 0.36(0.06) 0.29(0.10) 0.32(0.08) 0.42(0.17) 0.13(0.06)▲
Sentistrength myspace 2L 0.34(0.15) - 0.34(0.11) 0.33(0.16) - 0.12(0.05)▲
Sentistrength bbc 2L 0.22(0.05) 0.30(0.12) 0.40(0.15) 0.39(0.09) - 0.12(0.06)▲
ohsumed 0.21(0.03) 0.24(0.03) 0.27(0.02) 0.28(0.03) 0.27(0.03) 0.13(0.03)▲
trec 0.24(0.05) 0.23(0.06) 0.31(0.07) 0.30(0.09) 0.36(0.07) 0.13(0.01)▲
twitter 0.25(0.06)• 0.23(0.05)▲ 0.30(0.04) 0.30(0.07)• 0.33(0.07) 0.32(0.04)

Table 5: BS and ECE results when excluding instances with confidence exceeding 90%. Once high-confidence correct
predictions are removed, Transformer-based models exhibit worse calibration than reported by metrics computed on the full
data, while LR aligns more closely with the evidence from the calibration curve. Numbers in parentheses represent 95% CIs.
Cells with ’-’ indicate that, for one or more folds, the classifier produced no predictions with confidence levels below 90%. “▲”
indicates the best dataset result, “•” indicates a statistical tie, and unmarked, a statistical loss compared to the best result.

In summary, by balancing correct and incorrect
predictions in its computation, BBS prevents high
effectiveness from masking severe miscalibration
on errors, as can occur with traditional metrics.
As a result, BBS characterizes calibration more
faithfully in the high-effectiveness regime typical
of SLMs and LLMs.

6.4 BBS Responsiveness to Recalibration

dataset llama3.1 gemma Mistral qwen3 RoBERTa LR
digg 0.47(0.2) 0.47(0.2) 0.43(0.2) 0.43(0.2) 0.63(0.2) 0.59(0.0)
myspace 0.48(0.2) 0.56(0.2) 0.59(0.1) 0.42(0.2) 0.77(0.1) 0.60(0.1)
bbc 0.47(0.1) 0.57(0.2) 0.58(0.1) 0.66(0.1) 0.73(0.2) 0.57(0.2)
ohsumed 0.75(0.0) 0.75(0.0) 0.75(0.0) 0.75(0.0) 0.80(0.0) 0.73(0.0)
trec 0.77(0.0) 0.75(0.1) 0.76(0.0) 0.77(0.1) 0.88(0.0) 0.67(0.0)
twitter 0.72(0.0) 0.73(0.0) 0.73(0.0) 0.74(0.0) 0.80(0.0) 0.70(0.0)

Table 6: Models’ BBS when applying Temperature Scaling
calibration. Calibration systematically reduces BBS values,
confirming that the metric is responsive to genuine improve-
ments in reliability. Numbers in parentheses represent 95%
CIs.

We further assess BBS robustness by examining
its sensitivity to mitigation strategies. Specifically,
we apply post-hoc recalibration via Temperature
Scaling (Guo et al., 2017), chosen for its consistent
calibration improvements in Transformer-based
models (Guo et al., 2017), as discussed in Section 2.
Results show that recalibration systematically
reduces BBS values, with an average decrease of
17p.p.. In the best-case scenario, this reduction
reaches 39 p.p., observed for Mistral on the digg
dataset, where BBS drops from 0.82 to 0.43. This
confirms that the metric is responsive to genuine
improvements in reliability. However, even after
correction, BBS indicates that high-effectiveness
Transformers often fail to match the calibration
stability of LR. This reinforces the utility of BBS:
unlike traditional metrics that can be dominated by
accuracy, BBS distinguishes truly well-calibrated

models from those whose confidence estimates
remain unreliable despite strong performance.

7 Conclusions and Future Work
In this paper, we presented a comprehensive
calibration study of Transformer-based text
classification models, showing that, despite strong
effectiveness, both SLMs and LLMs remain
markedly overconfident. We also showed that
widely used metrics such as ECE and Brier Score
fail to capture this behavior in high-effectiveness
regimes, often contradicting calibration curves
and misleadingly suggesting good calibration. To
address this limitation, we proposed the Balanced
Brier Score (BBS), which balances contributions
from correct and incorrect predictions and remains
informative even under strong confidence concen-
tration. BBS aligns with qualitative evidence and
provides a more faithful calibration assessment
for modern Transformer-based TC models. Future
work includes extending BBS to broader NLP tasks
and integrating it into confidence-aware decision
pipelines. We also plan to investigate further
the effectiveness–efficiency–calibration trade-off
between SLMs and LLMs, and to evaluate new
calibration methods using our proposed metric.
This highlights the need to rethink how confidence
is evaluated in modern NLP systems.
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Limitations

Despite these contributions, our study has lim-
itations. First, due to resource constraints, our
experimental evaluation focused on LLMs in the
7–8B parameter range (Llama-3.1-8B, Gemma-7B,
Mistral-7B, and Qwen3-8B). Although larger mod-
els are also expected to achieve high effectiveness,
it would be valuable to analyze how calibration
varies with model size (i.e., number of parameters).

Second, the proposed Balanced Brier Score and
our analyses are restricted to Text Classification.
While TC is a fundamental NLP task, we did
not evaluate the applicability or behavior of BBS
in open-ended generation, complex reasoning,
question answering, or other settings. Extending
BBS to tasks where “correct” and “incorrect” are
less binary than in classification requires further
investigation, which we leave for future work.
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dataset
llama3.1-8B gemma-7b Mistral-7B-v0.1

BS BS Acerto BS Erro BS BS Acerto BS Erro BS BS Acerto BS Erro
Sentistrength digg 2L 0.19(0.05) 0.02(0.00) 1.49(0.12) 0.18(0.05) 0.01(0.00) 1.65(0.12) 0.21(0.07) 0.01(0.01) 1.58(0.14)
Sentistrength myspace 2L 0.09(0.03) 0.01(0.00) 1.65(0.15) 0.09(0.03) 0.00(0.00) 1.74(0.18) 0.10(0.02) 0.00(0.00) 1.81(0.12)
Sentistrength bbc 2L 0.16(0.03) 0.02(0.01) 1.47(0.15) 0.17(0.05) 0.01(0.00) 1.73(0.13) 0.17(0.04) 0.01(0.00) 1.81(0.05)
ohsumed 0.22(0.01) 0.01(0.00) 1.62(0.03) 0.23(0.01) 0.01(0.00) 1.65(0.03) 0.24(0.01) 0.01(0.00) 1.72(0.01)
trec 0.07(0.01) 0.00(0.00) 1.67(0.06) 0.06(0.01) 0.00(0.00) 1.74(0.05) 0.07(0.01) 0.00(0.00) 1.78(0.04)
twitter 0.17(0.01) 0.01(0.00) 1.63(0.02) 0.17(0.01) 0.01(0.00) 1.70(0.04) 0.17(0.01) 0.01(0.00) 1.70(0.03)

Table 7: BS, BS Correct, and BS Error model results. BS Correct refers to the BS calculated only on correctly predicted
instances, while BS Error refers to the BS calculated only on misclassified instances. Numbers in parentheses represent 95%
CIs. Results mirror those reported in Table 4: all LLMs exhibit near-perfect calibration on correct predictions but severe
overconfidence on errors, confirming that the dominance bias observed in traditional metrics is consistent across all evaluated
Transformer-based models.

Figure 4: Calibration curves for all models across all datasets. "Expected" denotes the ideal calibration line, where
confidence equals empirical accuracy, and "Predicted" corresponds to the observed empirical accuracy within each
confidence interval, a well-calibrated model should have both lines closely aligned.

A Calibration curves and Confidence
histograms

Figures 4 and 5 present, respectively, the
calibration curves and confidence histograms for
all models across all datasets. These results are
omitted from the main text due to space constraints.
The same patterns reported in Sections 6.1 and
6.2 are observed here: Transformer models display
calibration curves consistent with poor calibration,
and their histograms show that over 80% of
predictions are made with confidence above 0.9.

B BS decomposition

Table 7 reports the BS, BS correct, and BS error
results for the Llama 3.1, Gemma, and Mistral
classifiers, which are omitted from the main text
due to space constraints. The conclusions drawn in
Section 6.2 for Table 4 also apply here. Specifically,
LLMs exhibit near-perfect calibration on correct
predictions (BS correct) but very poor calibration
on errors (BS error), indicating systematic over-
confidence: the models consistently assign high
confidence even to incorrectly classified instances.
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Figure 5: Confidence histograms for all models across all datasets. Each bar represents the proportion of predictions
falling within a given confidence bin.
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