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Abstract

Calibrated uncertainty is essential for deploy-
ing deep neural networks in high-stakes set-
tings such as medical diagnosis. Monte Carlo
Dropout (MC Dropout) provides a practi-
cal Bayesian approximation within a single
architecture, yet key choices—dropout prob-
ability and mask placement—are typically
heuristic and can produce uncertainty scores
that poorly track error rates. We therefore
perform a systematic grid search over MC
Dropout hyperparameters and assess calibra-
tion via the monotonic relationship between
accuracy and uncertainty, using accuracy–
uncertainty curves with monotonicity-aware
evaluation. On CIFAR-10, performance
varies widely across configurations, but ap-
plying dropout in the penultimate layer con-
sistently yields the most monotonic, action-
able degradation as uncertainty increases.
We validate this "penultimate-layer rule"
on mammography triage for breast cancer
screening, where calibrated uncertainty is
crucial for safe deferral and workload alloca-
tion. Code and reproducibility artifacts are
released at https://github.com/linabny/
MonteCarlo_Dropout.

1 Introduction

In high-stakes clinical settings, predictive systems
must be able to recognize when their outputs may
be unreliable. In cancer detection, for example, the
costs of misclassification are asymmetric: false posi-
tives can cause unnecessary psychological distress and
increase healthcare costs, while false negatives can be
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fatal by delaying treatment. Standard deep neural
networks, despite their high accuracy, often behave
as overconfident "black boxes" that fail to indicate
when they are likely to be wrong (Lakshminarayanan
et al., 2017). To be safely deployed in critical decision-
making—such as disease diagnosis, fraud detection, or
autonomous driving—these models must provide well-
calibrated uncertainty: a trustworthy confidence mea-
sure that allows the system to defer ambiguous cases
to a qualified expert for review.

To estimate predictive uncertainty, a range of con-
fidence metrics has been proposed, from simple
heuristics such as the maximum softmax probability
(Hendrycks and Gimpel, 2017) and learned confidence
scores (Corbière et al., 2019; DeVries and Taylor, 2018)
to distance-based measures in feature space (Wang
et al., 2023; van Amersfoort et al., 2020). More ad-
vanced methods, such as Deep Ensembles, can deliver
high-quality calibration by training multiple models,
but at the cost of substantially increased computa-
tion (Lakshminarayanan et al., 2017). Among these
approaches, Monte Carlo Dropout (MC Dropout) has
become a widely used baseline thanks to its theoretical
grounding and its ability to approximate Bayesian in-
ference within a single architecture, without changing
the training procedure (Gal and Ghahramani, 2016).
In medical imaging in particular, MC Dropout has
been used extensively to quantify uncertainty in classi-
fication, segmentation, and reconstruction tasks (Vil-
lanueva Galapon Jr et al., 2024; Medina and co au-
thors, 2022; Maleki Sadr et al., 2022; Nair et al., 2020).

Related Work. The theoretical basis for uncer-
tainty estimation with MC Dropout in deep learn-
ing was established by Gal and Ghahramani (2016),
who interpreted dropout as a practical approxima-
tion to Deep Gaussian Processes (Damianou and
Lawrence, 2013). The quality of MC Dropout uncer-
tainty estimates is commonly assessed using accuracy–
uncertainty curves, which evaluate how reliably un-
certainty scores reflect performance; for a given task,
these scores are expected to correlate monotonically
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(a) Poorly calibrated accu-
racy curve.

(b) Well-calibrated accu-
racy curve.

Figure 1: Comparison of calibration quality for two
MC Dropout configurations in classification task. Un-
certainty is measured by expected entropy, which
should be negatively correlated with accuracy. Fig-
ure 1a illustrates a poorly calibrated configuration,
where higher uncertainty does not correspond to lower
accuracy. In contrast, Figure 1b shows a well-
calibrated configuration in which accuracy decreases
smoothly as uncertainty increases. Dataset: CIFAR-
10.

with the model’s accuracy (Gu et al., 2024; Valiuddin
et al., 2024). Iterative isotonic regression via the Pool
Adjacent Violator Algorithm (PAVA) (Jégou, 2012;
Ayer et al., 1955) and monotone rearrangement (Cher-
nozhukov et al., 2009) provide principled tools to quan-
tify deviations from this ideal strictly decreasing rela-
tionship.

However, a critical gap remains: in the current liter-
ature, MC Dropout configurations are largely heuris-
tic, often chosen through trial and error. Practition-
ers typically select dropout probabilities and mask
placements without systematic justification, relying on
guesswork to obtain well-calibrated uncertainty esti-
mates. As illustrated in Figure 1, arbitrary configura-
tions can produce inconsistent behavior, where uncer-
tainty fails to track error rates (Figure 1a). Conversely,
some configurations may ensure that higher uncer-
tainty reliably signals degraded performance (Fig-
ure 1b) (see Supplementary A.2.2 for details). To
our knowledge, no empirical study has examined how
MC Dropout configuration affects the monotonic re-
lationship between convolutional network (CNN) per-
formance and uncertainty. We address this gap.

Our contributions are:

1. We propose a systematic grid search over MC
Dropout hyperparameters to identify configura-
tions that maximize uncertainty calibration, and
instantiate it on two imaging classification tasks.

2. We derive empirical, metric- and dataset-specific
guidelines for obtaining well-calibrated uncer-
tainty, and show that applying dropout to the
penultimate layer consistently yields the best cal-

ibration.

2 Problem Setting: Monte Carlo
Dropout theory in Classification,
Uncertainty Metrics and
Calibration Assessment

Classification Setting. We consider the standard
classification setting. Let P denote the distribution of
random pairs (X,Y ) ∈ X ×Y, where Y := {1, . . . , C},
C ∈ N∗, X denotes the features and Y the label. A
classifier is any function f : X → Y. In particular we
consider fW a network with per-layer weights W =
{W1, . . . ,WH} defined below.

Bayesian Formalization of the Network. Fol-
lowing the theoretical framework of Gal and Ghahra-
mani (2016), for each layer h we define the (random)
weight matrix as

Wh = Mh diag(zh,1, . . . , zh,Kh−1
), zh,j ∼ Bernoulli(ph),

(1)
where Mh ∈ RKh×Kh−1 is the deterministic weight ma-
trix, Kh−1 denotes the width of the previous layer, and
ph ∈ (0, 1] is the keep probability (i.e., one minus the
dropout probability).

A dropout configuration θ = ({Mh}Hh=1, {ph}Hh=1) in-
duces a variational distribution qθ(W ) over the net-
work weights. This distribution defines the Bayesian
predictive distribution

pθ(c | x) = EW∼qθ [softmax(fW (x))c] . (2)

We estimate the predictive probability vector by aver-
aging over T stochastic forward passes:

p̂θ(c | x) =
1

T

T∑
t=1

p(t)(c | x), c ∈ {1, . . . , C}, (3)

where p(t)(c | x) = softmax(fW (t)(x))c and W (t) iid∼ qθ.
The predicted label is then

ŷθ(x) = arg max
c∈{1,...,C}

p̂θ(c | x). (4)

Our aim is to evaluate different dropout configurations
by varying the probabilities {ph} and the layers in
which dropout is applied (Table 1), and to measure
the impact on calibration quality.

Uncertainty Metrics for Classification. We de-
fine uncertainty metrics as functionals Ψ(·) of the
stochastic predictions:

Uθ(x) = Ψ
({

softmax(fW (t)(x))
}T

t=1

)
. (5)
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We compute five such metrics (see Supplementary A.1
for explicit formulas):

• Variation of the predicted class: measures
how the probability assigned to the class pre-
dicted in the reference pass varies across stochas-
tic passes.

• Variation of the maximum probability: cap-
tures the stability of the model’s peak confidence
across passes.

• Predictive entropy: quantifies overall uncer-
tainty using Shannon entropy (Shannon, 1948).

• Expected entropy: estimates data-inherent
noise (aleatoric uncertainty) by averaging the en-
tropy of each stochastic prediction.

• BALD: estimates model uncertainty (epistemic
uncertainty) by computing the mutual informa-
tion between predictions and the model posterior.

Calibration Evaluation. Finally, letting Fθ(u) :=
P
(
Uθ(X) ≤ u

)
denote the CDF of the uncertainty met-

ric, we define the accuracy–uncertainty curve as the
mapping τ ∈ [0, 1] 7→ Accθ(τ), where

Accθ(τ) = P
(
ŷθ(X) = Y

∣∣Uθ(X) ≤ F−1
θ (τ)

)
. (6)

We estimate Accθ(τ) empirically by

Accuracy(τ) =
|Cτ |
|Sτ |

, (7)

where Sτ contains samples with uncertainty below the
threshold τ and Cτ is the correctly classified subset.
We construct accuracy-vs-uncertainty curves by parti-
tioning test samples into N = 100 quantiles, hereafter
referred to as calibration curves.

We formalize empirical calibration in classification by
introducing Hypothesis 1, consistent with the defini-
tion used in prior work (Gu et al., 2024).

Hypothesis 1 (Accuracy monotonicity) Let
Accuracy(·) be defined as in Eq. 7. Then, for any
(τ1, τ2) ∈ [0, 1]2,

τ1 ≤ τ2 ⇐⇒ Accuracy(τ1) ≥ Accuracy(τ2).

A well-calibrated MC Dropout configuration should
minimize violations of Hypothesis 1. To quantify
these violations, we measure the discrepancy be-
tween the empirical accuracy–uncertainty curve and
an ideal monotonic trend, using antitonic regression
(via PAVA) (Jégou, 2012) and monotone rearrange-
ment (Chernozhukov et al., 2009) (see Supplemen-
tary A.2 for details).

We define our key calibration score, the monotonicity
penalty, as the area between the raw curve a(x) and
its monotonic version c(x):

Penalty =

∫ 1

0

|a(x)− c(x)| dx. (8)

A lower penalty indicates better calibration, showing
that model uncertainty is inherently aligned with em-
pirical performance.

3 Empirical Experiments Setting

To investigate the impact of MC Dropout configura-
tions on calibration, we developed a framework to in-
corporate dropout layers into any pre-trained archi-
tectures, and used it in our MC Dropout configuration
grid search (summarized in Table 1). In all our experi-
ments we set T = 100 (number of MC forward passes).
Computation details—including models training and
code reproducibility, are available in Supplementary B

Table 1: Summary of grid search parameters used in
both CIFAR-10 and DDSM classification tasks.

Parameter Value
Targeted Layers All combinations (input →

penultimate)
Probabilities ph ∈ {0.1, 0.2, . . . , 0.9}
Placement Relative to activation function

(Before/After)

Datasets and Models. We ran the grid search
on two tasks. For discovery, we used CIFAR-10
(Krizhevsky, 2009), training a custom five-layer CNN
with a 10-class fully connected last layer. We then
validated on Mini-DDSM (Cheddad, 2020), a medical
mammography dataset binarized for abnormality de-
tection (normal vs. abnormal) following the ACR BI-
RADS reference system (Destounis et al., 2025), re-
flecting a clinically relevant mammogram triage task
(Figure 2). For this task, we used an EffNet model
(Freeman et al., 2018) adapted to grayscale images.

Mammogram preprocessing (artifact removal, breast
tissue isolation, augmentation) is detailed in Supple-
mentary B.2.

4 Results: Impact of Parameters on
Calibration

We present the main results of the impact of MC
Dropout configurations on calibration across metrics
and monotonic corrections for both tasks. Additional
results are available in Supplementary C.
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(a) Normal (BiRads= 1) (b) Abnormal (BiRads> 1)

Figure 2: Figure 2a displays a normal mammogram
in cranio-caudal view, and Figure 2b shows an abnor-
mal (benign or malignant tumor in the image) mam-
mogram in mediolateral-oblique view. Dataset: Mini-
DDSM.

Dropout Probability. The impact of higher
dropout probabilities is metric-dependent. On
CIFAR-10, increasing the dropout probability severely
degrades the calibration of predictive entropy (rear-
rangement penalty spikes from 0.00015 to 0.0012), but
consistently improves the calibration of the variation
of the predicted class, where the penalty drops from
0.13 to 0.03 (see Supplementary Figure 7).

Placement and Number of Layers. No sta-
tistically significant impact was observed regarding
dropout placement (before or after activation layers)
or the total number of masked layers. Across all tested
configurations, the standard deviation of monotonic-
ity penalty (defined in Eq. 8) remained high, and no
specific position relative to activations emerged as a
primary determinant of calibration.

Dropout Depth. The depth of the last masked
layer emerged as a key calibration factor. On CIFAR-
10, results are metric-dependent: the rearrangement
penalty for the variation of the predicted class and
for the variation of the maximum probability is high-
est when masking is only at conv1 (the first layer;
peak values are 0.11 and 0.04, respectively), while
other metrics show different sensitivities (Supplemen-
tary Figure 12). In contrast, for DDSM, calibration is
optimal when dropout is confined to the early layers;
the penalties then increase monotonically as the last
masked layer is positioned deeper in the architecture.

Penultimate Layer Rule. Beyond these early-
layer effects, our main finding is that applying dropout
only to the penultimate layer (the first fully connected
layer in the CIFAR-10 CNN, or the second convolu-
tional layer in the DDSM EffNet) consistently yields
the best calibration. Compared with multi-layer mask-

ing, this configuration reduces mean penalties by half,
reaching a minimum rearrangement penalty for the
variation of the predicted class of about 0.079 on
CIFAR-10 and 0.0001 on DDSM (see Figure 3).

(a) Monotonicity penalty vs first layer masked. Dataset:
DDSM (mammograms).

(b) Monotonicity penalty vs first layer masked (log scale on
y-axis). Dataset: CIFAR-10.

Figure 3: Calibration (measured as monotonicity vio-
lation; lower is better) as a function of the first masked
layer in the network. On the x-axis, layers are ordered
from input to output. Masking only the penultimate
layer consistently yields the smallest monotonicity vi-
olations, and thus the best calibration.

5 Concluding Remarks

We provide an initial empirical study of how MC
Dropout configuration affects uncertainty calibration.
A grid search shows calibration depends strongly on
the interaction between model, dataset, and uncer-
tainty metric, helping explain prior heuristic choices.
Nevertheless, across both datasets, applying dropout
only to the penultimate layer consistently minimizes
monotonicity-violation penalties and yields the most
reliable accuracy–uncertainty behavior, rationalizing
a common ad-hoc practice (Gu et al., 2024). While
this "penultimate-layer rule" is a useful default, it
warrants broader validation and a theoretical expla-
nation, including tests on Vision Transformers (Doso-
vitskiy et al., 2020) and modern CNNs (e.g., Efficient-
Net (Tan and Le, 2019)), settings beyond classifica-
tion, calibration when dropout is used during training,
and comparisons to alternatives such as multinomial
dropout (Li et al., 2019). Practically, improved cali-
bration strengthens selective prediction/deferral work-
flows (Geifman and El-Yaniv, 2017) by enabling ab-
stention on ambiguous cases and routing them to ex-
pert review.
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Supplementary Materials

A Additional Details on MC Dropout Theory

A.1 Uncertainty Metrics for Classification: Explicit Formulas

This section provides the explicit formulas for the uncertainty metrics introduced in Section 2. Given an input
image x, these metrics are computed from px, the matrix in RC×T whose entry px(i, j) is the softmax probability
of class i at the j-th stochastic forward pass for input x. Additionally, we introduce p∗x the vector of length C
containing the softmax probabilities of the initial reference pass (i.e., without stochasticity/dropout).

Variation of the predicted class (variation_predicted): for a given input image x, measures the disper-
sion of probabilities of the class predicted at the initial reference pass, noted c∗x:

Varpred
MC (px, c

∗
x) =

1

T

T∑
t=1

(px(c
∗
x, t)− p∗x(c

∗
x))

2. (9)

Variation of the maximum probability (variation_max): reflects the stability of the model’s highest
confidence level across all passes:

Varmax
MC (px) =

1

T

T∑
t=1

(max
c

px(c, t)−max px)
2 (10)

Where max px is the vector of length T containing the maximum softmax probability for each of the T forward
passes, and max px is their average.

Predictive entropy (predictive_entropy): quantifies the total uncertainty using Shannon entropy (Shan-
non, 1948) on the averaged predictive distribution:

H(px) = −
∑
c

px(c, .) log px(c, .) (11)

Where px(c, .) is the c-th line of px.

Expected entropy (expected_entropy): isolates the data inherent noise (aleatoric uncertainty) by averaging
the entropy of each individual stochastic prediction:

H(px) =
1

T

T∑
t=1

[
−
∑
c

px(c, t) log px(c, t)

]
(12)

BALD (Bayesian Active Learning by Disagreement): isolates the model related noise (epistemic uncer-
tainty) by calculating the mutual information between the predictions and the model parameters (Houlsby et al.,
2011; Gal et al., 2017):

BALD = H(px)−H(px) (13)

A.2 Calibration Quality Evaluation: Technical Details

This section details the technical foundations and implementation details used to derive the monotonic reference
curves and their associated penalties.
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A.2.1 Quantile-based Normalization

Directly using the raw uncertainty penalties from Equation 8 makes cross-metric comparisons difficult because
of scaling effects. Therefore, we compute the area between the raw and monotonic-correction curves after
normalizing the x-axis into dataset quantiles, ensuring that it always represents the same proportion of the
dataset. Accuracy computation is as follows. For a threshold τq corresponding to the q-th quantile of an
uncertainty metric U , we define:

Sq = {x ∈ dataset | U(x) ≤ τq} (14)

where q ∈ {0.01, 0.02, . . . , 1.00}. This ensures that Accuracy(q) from Equation 7 is evaluated on increasingly
large nested subsets Sq of the data common to all metrics. When q = 1, Sq is the whole dataset.

A.2.2 Visual Comparison of Calibration Quality

Figure 1 illustrates the calibration curves for the CIFAR-10 dataset, a 10-class classification task using the 5-layer
CNN architecture detailed in Section B.1. In these examples, uncertainty is quantified via expected entropy.

Figure 1a illustrates a poorly calibrated scenario where dropout is applied across multiple layers with heteroge-
neous probabilities (p = 0.7 for conv2, p = 0.8 for conv3, and p = 0.4 for fc1). The failure in calibration is
evident: rather than following a strictly decreasing trend, the accuracy curve increases across several quantile
ranges.

In contrast, Figure 1b shows a well-calibrated curve obtained by restricting dropout to the fc1 layer (penultimate
one) with a probability of p = 0.8. This targeted approach yields a nearly monotonic decreasing trend.

A.2.3 Isotonic Regression via the PAV Algorithm (PAVA)

The antitonic (decreasing isotonic) regression is defined as the solution to a constrained least-squares problem.
Given the raw accuracy values a = [a1, . . . , aN ], we seek â such that:

â = arg min
z1≥z2≥···≥zN

N∑
k=1

(ak − zk)
2 (15)

We compute this using the Pool Adjacent Violators Algorithm (PAVA) (Ayer et al., 1955; Jégou, 2012), following
these steps:

1. Initialize: Start with the raw sequence of accuracies.

2. Find Violations: Identify any pair (ak, ak+1) where ak < ak+1 (violating the decreasing constraint).

3. Pool: Replace the violators with their weighted average.

4. Iterate: Repeat until the entire sequence is monotonically non-increasing.

This method acts as a non-parametric regularizer, rectifying any local increases in accuracy caused by sampling
noise (see Figure 4).

A.2.4 Monotonic Rearrangement

In contrast to Isotonic Regression, which modifies the values themselves, the monotonic rearrangement (Cher-
nozhukov et al., 2009) preserves the original values of the curve but reassigns them to the quantiles in a non-
increasing order. Let A = {a1, . . . , aN} be the set of observed accuracies. The rearranged curve a∗(x) is obtained
by sorting A such that:

a∗1 ≥ a∗2 ≥ · · · ≥ a∗N (16)

A key property of this approach is that it is guaranteed to be closer to the underlying monotonic function under
any Lp norm (Chernozhukov et al., 2009).

The key distinctions between the two correction methods are summarized below (see Table 2):
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Figure 4: Isotonic correction and monotonicity penalty (red area) based on expected_entropy (see Supple-
mentary A.1) for a well-calibrated dropout configuration. The gaps illustrate the non-monotonic behavior.
Configuration: dropout at fc1 (p = 0.8) within a CNN (3 conv, 2 fc). Dataset: CIFAR-10.

Figure 5: Monotonic rearrangement and monotonicity penalty (red area) based on expected_entropy (see
Supplementary A.1) for a well-calibrated dropout configuration. The gaps illustrate the non-monotonic behavior.
Configuration: dropout at fc1 (p = 0.8) within a CNN (3 conv, 2 fc). Dataset: CIFAR-10.

Table 2: Comparison of Monotonic Correction Methods Used for Penalty Calculation

Feature Isotonic Regression Monotonic Rearrangement

Optimization Minimizes L2 distance to raw data Minimizes Lp distance to target function
Values Values are averaged (modified) Values are sorted (preserved)
Effect Smooths the curve Reorders the curve

A.2.5 Approximation of the Area between the Curves

The monotonicity penalty is calculated as the discrete approximation of the integral over the N = 100 quantiles:

Penalty ≈ 1

N

N∑
k=1

|ak − ck| (17)

The monotonicity penalties quantitatively confirm the sharp disparity in calibration quality between the two
configurations of Figure 1 :
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Table 3: Comparison of Monotonicity Penalties for chosen Dropout Configurations represented in Figure 1.
Dataset: CIFAR-10

Dropout Configuration Isotone Penalty Rearrangement Penalty

fc1: 0.8 0.002668 0.005607
conv2: 0.7, conv3: 0.8, fc1: 0.4 0.030307 0.469543

B Implementation Details

All experiments were conducted using a Python 3.13 kernel and Visual Studio Code IDE on a machine equipped
with an NVIDIA RTX 4060 GPU. Code is available at https://anonymous.4open.science/r/MonteCarlo_
Dropout.

B.1 Datasets and Models

This subsection provides the exhaustive architectural and training specifications for the models introduced in
the main text.

B.1.1 CIFAR-10: 5-Layer CNN Specifications

The custom architecture used for the initial discovery phase is a sequential CNN designed for 32 × 32 RGB
inputs. The precise layer configuration is as follows:

• Conv Block 1: 16 filters (3× 3), padding 1, ReLU, 2× 2 max-pooling.

• Conv Block 2: 32 filters (3× 3), padding 1, ReLU, 2× 2 max-pooling.

• Conv Block 3: 64 filters (3× 3), padding 1, ReLU, 2× 2 max-pooling.

• Fully-Connected 1: 1024 → 128 units, ReLU.

• Output Layer: 128 → 10.

The model is trained on the CIFAR-10 dataset partitioned into 45,000 images for training, 5,000 for validation,
and 10,000 for testing. Input images are normalized with a mean and standard deviation of 0.5 for each RGB
channel. Optimization is performed using the Adam optimizer with a learning rate of η = 0.001 and a standard
BCE loss function, using a batch size of 128. To ensure optimal generalization, the final model parameters are
selected based on the highest validation accuracy attained during the training process. Under these settings, and
with the test set balanced by default, the baseline test accuracy (without dropout) was 72.67%.

B.1.2 Mini-DDSM: EffNet for Grayscale Mammography

For the abnormality detection task (Normal vs. Abnormal), we adapted the EffNet architecture (Freeman et al.,
2018) to handle single-channel grayscale inputs (224 × 224). The binarization process grouped "Benign" and
"Cancer" cases into the "Abnormal" class (0) vs the "Normal" class (1).

The specialized blocks consist of:

• Stem: 1 → 32 channels, 3× 3 kernel, LeakyReLU, Batch Normalization.

• EffNet Blocks (×3): Successive 1×1 expansions, 1×3 and 3×1 depthwise convolutions, and asymmetrical
pooling to capture features across different scales. Channels expand as 32 → 64 → 128 → 256.

• Classifier: Global average pooling followed by a linear layer to 2 units.

https://anonymous.4open.science/r/MonteCarlo_Dropout
https://anonymous.4open.science/r/MonteCarlo_Dropout
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The dataset was partitioned into training (N = 6326), validation (N = 703), and test (N = 781) sets. The model
was trained for 20 epochs using the Adam optimizer with an initial learning rate η = 10−3 and a cosine-annealing
scheduler to adjust the learning rate over time. We used the BCE loss and Automated Mixed Precision (AMP)
for efficiency, and employed a sampler to mitigate class imbalance during training by undersampling the majority
class (abnormal mammograms, labeled 0). Final performance was evaluated on a balanced test set (50% per
class) to ensure that the 87.20% baseline accuracy reflects diagnostic performance rather than class prevalence.

B.2 Mammograms Preprocessing

Inspired by segmentation techniques for micro-calcifications (Guerroudji et al., 2014), our preprocessing pipeline
begins by converting images to grayscale and cropping a 30-pixel border to remove common scanning artifacts.
We employ Otsu thresholding (Otsu, 1979) to generate a foreground mask, followed by three iterations of erosion
and five iterations of dilation to eliminate isolated noise. Saturated components, defined as regions where over
90% of pixels exceed a value of 245, are systematically removed. To isolate the breast tissue, we use row and
column projections with a threshold set at 3% of the maximum sum, adding an 8% buffer to the resulting
bounding box to ensure no peripheral tissue is lost.

The localized tissue then undergoes CLAHE (Contrast Limited Adaptive Histogram Equalization) (Zuiderveld,
1994) with a clip limit of 2.0 and 8×8 tiles to enhance local contrast, followed by z-score normalization. Finally,
all images are resized to 200 × 200 pixels. Figure 6 illustrates these transformations on a medio-lateral oblique
view of a right breast mammogram.

For the training phase, we implement a data augmentation strategy to limit overfitting on the minority class
(normal mammograms). This includes random rotations within ±15◦, random resized crops (scale 0.9–1.0), and
a 50% horizontal flip. We also apply brightness and contrast jitter (0.1), alongside conditional Gaussian blurring
(using kernels of size 5 or 3 with p = 0.3) and sharpness adjustments (factor 1.5, p = 0.3). In contrast, the test
and validation phases involve only resizing and normalization, using the mean and standard deviation computed
across the entire training dataset.

(a) Mammogram Before
Preprocessing

(b) Mammogram After
Preprocessing

Figure 6: Preprocessing visualization of one randomly picked mammogram. Laterality: right, view: medio-lateral
oblique (MLO). Preprocessing visibly enhances contrast between fatty and fibrograndular tissues. Dataset: Mini-
DDSM.

C Additional Experimental Results

C.1 Impact of Dropout Probability on Calibration

To evaluate the impact of dropout probabilities across different architectural depths, we define the mean dropout
probability, pmean, for a given configuration as the average of the individual dropout probabilities applied across
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the modified layers:

pmean =
1

L

L∑
h=1

ph (18)

where L denotes the total number of layers subject to dropout in the specific configuration, and ph represents
the dropout probability applied to the h-th layer.

0.2 0.4 0.6 0.8
Dropout Probability

0.0002

0.0004

0.0006

0.0008

0.0010

0.0012

M
ea

n 
Pe

na
lty

predictive_entropy

Isotone
Rearrangement

(a) Degradation of predictive entropy.
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(b) Improvement of variation predicted.

Figure 7: Contrasting effects of mean dropout probability (pmean) on calibration metrics, evaluated through
isotone regression and monotonic rearrangement penalties. Figure 7a highlights that for the expected_entropy
metric, higher dropout probability increases monotonicity penalties, signaling calibration degradation. Con-
versely, Figure 7b shows that variation_predicted is better calibrated (lower monotonicity violation penal-
ties) when the mean dropout across masked neurons is higher. Configuration: CNN (3 conv, 2 fc). Dataset:
CIFAR-10.

C.2 Impact of Placement and Number of Layers on calibration

C.2.1 Dropout Placement

To analyze the impact of dropout placement, we defined a boolean flag, before, indicating whether the dropout
mask is applied before (True) or after (False) a given activation layer. The results were grouped by the average
dropout probability across all layers. The monotonicity penalties were aggregated conditionally based on this
placement:

penalty(b) = E
[
penalty | before = b

]

where b ∈ {True,False} denotes the dropout position.
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(a) Mini-DDSM dataset.
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(b) CIFAR-10 dataset.

Figure 8: Impact of dropout placement (Before vs. After activation) on predictive entropy calibration across
Mini-DDSM (8a) and CIFAR-10 (8b) datasets. Results are aggregated by the mean dropout probability, where
the boolean flag before indicates whether the dropout mask is applied before (True) or after (False) the
activation layer. The plots show the expected monotonicity penalties for each position. While some trends
appear, the effect of placement varies across different uncertainty metrics and the observed differences are not
statistically significant.

C.2.2 Number of Masked Layers

To evaluate the effect of the number of active dropout layers, we computed the total number of layers with a
non-zero dropout probability for each configuration:

nlayers = #{ layer l | pl > 0 }

The monotonicity penalties (isotone and rearrangement) were extracted for each metric. Finally, the results were
grouped by nlayers to calculate the mean and standard deviation of the penalties across all grid search runs.
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(a) Mini-DDSM dataset.
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(b) CIFAR-10 dataset.

Figure 9: Impact of the number of active dropout layers (nlayers) on expected entropy calibration. For each
configuration, nlayers is defined as the count of layers with a non-zero dropout probability. The plots show the
mean monotonicity penalties (isotone regression and monotonic rearrangement) averaged across the evaluated
model configurations. However, the observed trends are not statistically significant, as the high standard devia-
tion (shaded areas) indicates a lack of consistent impact across different configurations and uncertainty metrics.

C.3 Statistical Analysis of Probabilities Distribution

To better understand the structural impact of dropout across different depths of the network, we quantify the
asymmetry and concentration of the dropout probabilities across the layers. We consider the layers sequentially,
assigning an index l ∈ {1, 2, 3, 4} corresponding to conv1, conv2, conv3, and fc1, respectively.
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C.3.1 Probability Normalization.

For each configuration, we first construct a normalized probability distribution p′l over the network layers:

p′l =
pl∑
j pj

(19)

where pl is the original dropout probability applied to layer l. Based on this normalized distribution, we compute
the weighted mean µ and variance σ2 of the layer indices as:

µ =
∑
l

p′l l and σ2 =
∑
l

p′l (l − µ)2 (20)

C.3.2 Skewness

To quantify the asymmetry of the dropout distribution along the network depth, we calculate the weighted
skewness, defined as the third standardized moment of the layer indices:

Skewness =
∑
l

p′l

(
l − µ

σ

)3

(21)

This metric allows us to observe whether the dropout probabilities are skewed toward the earlier or deeper
layers of the architecture. Across architectures, skewness showed only inconsistent, configuration-dependent
correlations with the monotonicity penalty, and did not generalize as a reliable indicator across both CIFAR-10
and Mini-DDSM.
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(a) Mini-DDSM dataset.
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(b) CIFAR-10 dataset.

Figure 10: Impact of dropout probability skewness on BALD rearrangement penalty. Skewness is computed
as the third standardized moment of the normalized layer indices p′l. Figure 10a highlights a high degree of
variability and noise for the Mini-DDSM dataset, while Figure 10b shows a clear peak in penalty for symmetric
distributions (skewness ≈ 0), with the penalty decreasing as the distribution becomes asymmetric. The plots
illustrate the mean penalty across various configurations. However, no statistically significant trend is observed
globally, as the impact of skewness remains inconsistent across different uncertainty metrics and exhibits high
variability between datasets.
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C.3.3 Kurtosis

Similarly, to measure the concentration or dispersion of the dropout probabilities, we compute the weighted
kurtosis (the fourth standardized moment):

Kurtosis =
∑
l

p′l

(
l − µ

σ

)4

(22)

A high kurtosis indicates a highly concentrated probability distribution (e.g., sharp peaks at specific layers),
whereas a low kurtosis reflects a flatter, more uniform distribution of dropout probabilities across the network. As
with skewness, kurtosis exhibited only localized, architecture-specific trends and its correlation with monotonicity
penalty was inconsistent, providing no universal performance indicator on either CIFAR-10 or Mini-DDSM.
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(a) Mini-DDSM dataset.
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(b) CIFAR-10 dataset.

Figure 11: Impact of dropout probability kurtosis on BALD rearrangement penalty. Kurtosis is computed as the
fourth standardized moment of the normalized layer indices p′l. For both Figures 10a and 10b, no statistically
significant results are observed, as the penalty values exhibit high variability and lack a consistent trend across
the evaluated kurtosis range.

C.4 Dropout Depth

To investigate the sensitivity of calibration penalties to the depth at which dropout is introduced or terminated,
we define specific indicators based on the position of active dropout layers within the predefined hierarchies.

For a given dropout configuration d ⊂ L, where L is the set of candidate layers, we identify the first and last
layers subjected to dropout according to their sequential index:

lfirst = argmin
l∈d

index(l) and llast = argmax
l∈d

index(l) (23)

To quantify the impact of architectural depth on calibration, we aggregate monotonicity penalties (isotone and
rearrangement) by their entry (lfirst) and exit (llast) layers. For each unique (layer, probability) pair, we compute
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the mean and standard deviation (mean± std), reducing the high-dimensional configuration space into marginal
distributions. This allows for a direct comparison of penalty sensitivity between early-stage (e.g., stem) and
late-stage (e.g., block3) dropout regularization.

(a) Mini-DDSM dataset.

(b) CIFAR-10 dataset.

Figure 12: Impact of the last masked layer (llast) on calibration penalties. Here, llast represents the deepest layer
in the network with a non-zero dropout probability. Figure 12a highlights that for DDSM, penalties increase as
llast moves deeper into the architecture, whereas Figure 12b shows metric-dependent sensitivity for CIFAR-10.
For both figures, no statistically significant results are observed.


