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Abstract

Uncertainty remains a critical challenge in healthcare Al,
since predictive errors can directly compromise patient safety
and undermine trust. Structured clinical datasets in health-
care are frequently characterized by heterogeneous acquisi-
tion protocols, incomplete records, and inconsistent or noisy
encodings. This inflates aleatoric uncertainty and weakens
calibration. These challenges are exemplified in lung can-
cer risk modeling, where small cohorts, variable collection
practices, and limited feature quality make the problem es-
pecially acute. Significant advances in uncertainty quantifica-
tion (UQ) have been achieved in imaging and signal process-
ing through Bayesian inference, evidential learning, and ro-
bust architectural designs. In contrast, tabular clinical datasets
remain a critical yet underexplored domain. Addressing this
gap requires methods that are lightweight, certifiable, and ef-
fective on noisy datasets without relying on large models or
data. Considering this challenges, we propose a frequency-
aware hybrid representation that combines Principal Com-
ponent Analysis (PCA) with the Discrete Cosine Transform
(DCT). Using mutual information (MI)-based feature order-
ing, the framework suppresses high-frequency artifacts while
preserving discriminative structure. As the framework was
applied to a publicly available lung cancer dataset, it demon-
strated an accuracy improvement from 98.1% to 99.7%,
reduced Negative Log-Likelihood (NLL) by ~ 82% from
5.25% to 0.94%, lowered aleatoric uncertainty from 10.50%
to 3.35% (=~ 68% reduction), and preserved AUROC at 99%.
We evaluated the framework across three publicly available
lung-cancer datasets where it demonstrated a reduction in
aleatoric uncertainty by 7% on an average, confirming gen-
eralizability. The Wilcoxon signed-rank test confirms that the
results are statistically significant. This work shows that part
of the ‘irreducible’ variability is actually compressible noise,
thereby facilitating more reliable and uncertainty-aware Al
for healthcare.

Introduction

Lung cancer prediction in clinical settings frequently relies
on tabular data (questionnaires, vitals, labs, comorbidities)
(Liao et al. 2023). Such data are impacted by noise due to
heterogeneous collection protocols, missing values, categor-
ical recoding inconsistencies, small cohort sizes, and site
shifts. These imperfections elevate aleatoric uncertainty, a
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type of uncertainty due to inherent randomness the in data,
and weaken calibration and downstream decision reliabil-
ity (Kendall and Gal 2017). Clinical tabular methodologies
remained underexplored in uncertainty-aware preprocessing
despite their ubiquity in screening and risk stratification.

While aleatoric uncertainty is often described as irre-
ducible, its boundary can blur when models are misspecified
or latent variables drive apparent randomness (Gawlikowski
et al. 2023). Advances in measurement, representation, or
modeling can make portions of seemingly “irreducible”
variability tractable (Heid et al. 2023; Li 2025). This mo-
tivates frequency-aware preprocessing for noisy clinical ta-
bles.

Motivation: Empirically, appropriate representations can
suppress measurement jitter and stabilize estimates. In
healthcare, datasets are prone to incomplete entries, incon-
sistent encoding, and measurement variability. All these fac-
tors elevate aleatoric uncertainty and undermine the reli-
ability of predictive models. We seek a simple, tabular-
first denoising step that improves reliability without sacri-
ficing global structure. Furthermore, clinical screening of-
ten operates in resource-constrained environments, where
lightweight preprocessing is preferable to complex deep ar-
chitectures. Existing approaches that focus on imaging or
signal domains do not directly address tabular noise, leav-
ing a gap in uncertainty-aware preprocessing for structured
records. Bridging this gap is essential for improving trust in
predictive systems and supporting safer deployment in rou-
tine clinical workflows.

Contributions: To address the above challenges, we
translate the motivation into the following contributions.

1. We propose a lightweight, tabular-first PCA-DCT hy-
brid framework for lung-cancer prediction, designed to
denoise clinical features while preserving key statistical
structure.

2. We provide a unified uncertainty evaluation across mul-
tiple lung-cancer datasets, reporting AUROC, NLL, cali-
brated metrics, risk—coverage, and paired Wilcoxon tests
on per-sample aleatoric change.

3. We highlight that part of the variability often deemed
“irreducible” is compressible measurement noise, under-
scoring the value of frequency-aware preprocessing in
clinical tabular pipelines.



4. We demonstrate consistent performance gains, with the
hybrid reducing mean aleatoric uncertainty by approxi-
mately 7%, lowering NLL by 3.1% approximately, and
preserving AUROC relative to PCA-only and DCT-only
baselines.

The rest of this article is structured as follows: related-
work provides a brief literature survey on various aleatoric
uncertainty quantification approaches. In proposedsoln, we
describe the “PCA-DCT hybrid” framework. In experi-
ments, we present extensive results to validate the merits of
the proposed framework. Finally, we conclude the paper in
conclusion.

Related Works

Uncertainty in machine learning is commonly partitioned
into aleatoric (data-inherent), epistemic (model/knowl-
edge), and distributional (shift) components (Kendall and
Gal 2017; Malinin and Gales 2018), (Pal et al. 2023). While
the textbook view treats aleatoric effects as irreducible, re-
cent analyses emphasize that the boundary is representation-
and measurement-dependent: misspecification, latent con-
founders, and aggregation choices can make seemingly “ir-
reducible” variability partially tractable (Gawlikowski et al.
2023; Heid et al. 2023; Li 2025). Evidence from metrology
and model building further shows that information structure
and measurement discipline critically shape observed vari-
ability and replicability (Wang et al. 2025).

Methodologically, aleatoric uncertainty has been tack-
led by heteroscedastic likelihoods, Bayesian surrogates
(Kendall and Gal 2017), evidential distributions and other
robust techniques that can separate data from model uncer-
tainty (Sensoy, Kaplan, and Kandemir 2018). Data-centric
denoising strategies such as Noise2Noise (Lehtinen et al.
2018) and test-time augmentation (Wang et al. 2019) reduce
variance without requiring clean labels. From the evaluation
evaluation standpoint, calibration metrics like ECE and per-
formance under dataset shift remain crucial. (Ovadia et al.
2019).

Prior studies emphasize that clinical noise, missingness,
and heterogeneous acquisition conditions significantly in-
flate aleatoric effects, thereby limiting confidence in model
outputs and clinical decision-making (Alizadehsani et al.
2024; Tsaneva-Atanasova, Pederzanil, and Laviola 2025).
Recent works explores multi-modality to reduce uncer-
tainty (Hoarau et al. 2025) and tackles noise through both
label-level and signal-level approaches. In the signal do-
main, PCA variants have been effective denoisers but can
struggle under spatially correlated noise (Henriques et al.
2023). Frequency-domain methods are also gaining traction:
Fourier-basis augmentation targets robustness gaps left by
standard visual augmentations (Vaish, Wang, and Strisci-
uglio 2024); in X-ray imaging, Poisson PCA combined with
nonlocal means reduces photon-limited noise (Kipele and
Greyson 2023).

Synthesis : Despite this progress, most uncertainty and
denoising advances focus on images and continuous sig-
nals. In contrast, fabular clinical methodologies that are
critical for screening and risk stratification, receive com-
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paratively less attention. Label-noise methods and calibra-
tion metrics help, but they do not directly address column-
wise high-frequency artifacts. PCA captures global covari-
ance yet tends to retain these localized irregularities; DCT
suppresses high-frequency noise but can remove discrimi-
native structure if applied naively to mixed clinical features.
This gap motivates a frequency-aware, tabular-first repre-
sentation that aligns informative variation, filters jitter with
low-frequency DCT coefficients, and preserves global struc-
ture.

Proposed PCA-DCT Hybrid Framework

This section discusses about the background and the frame-
work of the research undertaken.

The Approach

Our approach aims for reliable lung cancer prediction from
tabular clinical data using an easy-to-use plug-and-play hy-
brid embedding. The framework unifies mutual-information
(MI)—guided feature ordering, low-frequency discrete cosine
transform (DCT) filtering, and principal component analysis
(PCA) into a single hybrid embedding (Figure 1).

Working principle

We pre-process the data by standardizing numeric fields,
one-hot encoding categorical variables, and imputing miss-
ing values. After preprocessing, we compute MI between
each feature and the label. The features are then sorted by MI
to concentrate informative variation at lower “frequencies”
along the feature axis. On the MI-ordered table we perform
two computations per sample: (i) PCA scores that capture
global covariance (Jolliffe and Cadima 2016), and (ii) a 1D-
DCT across the feature axis (Ahmed, Natarajan, and Rao
1974). For DCT, we retain only the first k¥ low-frequency
coefficients (k € {2,4,6,8,12}) and suppress column-wise
high-frequency artifacts like sparse one-hot toggles, dis-
cretization edges, sparse binary indicators, threshold cut-
offs, and others. Concatenating PCA scores with the retained
DCT coefficients yields a compact, denoised vector that pre-
serves discrimination while attenuating noise. An ensemble
classifier is then trained on this hybrid representation and
results are computed.

Performance and efficacy

Handling Information Leakage : Information leakage oc-
curs when test data unintentionally influences model train-
ing, producing overly optimistic results. PCA-based hybrids
are particularly vulnerable to information leakage. If mutual
information ordering, PCA variance components, or DCT
coefficients are estimated using test data, the results may ap-
pear more reliable than they truly are. Such leakage under-
mines the validity of uncertainty estimates, creating a false
sense of improved calibration that can lead to serious fail-
ures in real-world deployment.

To prevent information leakage, MI ordering, PCA, and
DCT parameters are estimated strictly on the training por-
tion within each split, and the validation is performed on
held-out data.



Hyperparameter definitions : We keep hyperparameters
intentionally modest (refer table 1). This consists of narrow
PCA explained-variance target and a small discrete set for k&
in the DCT block. The base model is set to “gradient boost-
ing” and train to test ratio of 75 : 25.

Performance calibration : Reliability is quantified using
AUROC for discrimination; negative log-likelihood (NLL)
and expected calibration error (ECE) for calibration; and
risk—coverage for selective prediction under a reject option.
We further report predicted/expected entropy and mutual
information to decompose predictive uncertainty. We also
compute a simple shift score via Mahalanobis distance in
the PCA subspace,

= e,

where z denotes PCA coordinates and (u,Y) are the
training-set mean and covariance. Statistical evidence is
provided using paired Wilcoxon signed-rank tests on per-
sample changes in aleatoric uncertainty (Post—Pre), with ef-
fect sizes. The effect sizes shows the magnitude of reduction
in uncertainty. For practical robustness, we include noise-
injection studies that add controlled feature or label noise to
emulate realistic clinical perturbations (miscoding, missing-
ness patterns), informed by prior label-noise and augmenta-
tion literature.

Uncertainty calibration : The proposed framework
doesn’t just reduce noise, it also measures how much uncer-
tainty changes after PCA-DCT hybridization. The measures
are as discussed below:

d]v[(l’)

1. Calibration metrics : PCA-DCT framework computes
Negative Log-Likelihood (NLL) and Expected Calibra-
tion Error (ECE). These measures measure whether pre-
dicted probabilities match true outcomes, that is, how
“honest” the uncertainty estimates are.

2. Risk—coverage curves : By allowing a reject option, the
framework plots risk versus prediction coverage. This
shows how uncertainty can guide safer selective predic-
tions (low risk when the model is confident).

3. Entropy and mutual information : Predictive entropy and
MI are reported per sample, breaking down the uncer-
tainty into aleatoric (data-driven randomness) and epis-
temic components.

4. Wilcoxon signed-rank tests : The framework directly test
per-sample changes in aleatoric uncertainty (Post—Pre)
between PCA-DCT hybrid and baseline, thereby quan-
tifying whether reductions are statistically significant
(with effect sizes).

5. Distributional analysis : The framework compares CDFs
of aleatoric uncertainty and scatterplots of uncertainty vs.
confidence to show how the hybrid reshapes the distribu-
tion of uncertainty across patients.

Benchmarking the framework : PCA-DCT hybrid
framework was initially trained and tested on publicly avail-
able lung cancer dataset called virtual10. This is available
in website: hugging face. Apart from this, two more pub-
licly available datasets on lung cancer datasets were used
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(refer to table 4). Number of cases in the datasets ranged be-
tween (309 — 4500) with 16 features each. When applied to
these datasets, the proposed procedure consistently reduced
aleatoric uncertainty by approximately 7%, lowered NLL by
3.1%, and preserves AUROC consistently, relative to stan-
dardized PCA and DCT baselines.

These results suggest that, once features are MI-aligned
and high-frequency artifacts are filtered, a clinically mean-
ingful portion of variability behaves as “compressible mea-
surement noise”. The approach is lightweight, requires few
design choices, and integrates naturally as a frequency-
aware, tabular-first preprocessing block amongst lung-
cancer risk modeling methodologies—appropriate to mo-
tivate broader, multi-center validation. The framework is
computationally inexpensive, easy to configure, data effi-
cient and broadly applicable, making it practical for clini-
cal research settings with limited data and resources. Refer
algorithm 1.

PCA-DCT hybrid framework
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Figure 1: Frequency-aware preprocessing for tabular lung-
cancer prediction: MI ordering + low-frequency DCT, PCA
embeddings, and unified uncertainty evaluation.

Performance Evaluation

In this section we undertake the experiments to visuallize
the impact of PCA-DCT hybrid framework on the noise in
clinical tabulated dataset.

Evaluation of PCA-DCT hybrid framework

In this section, we review the functioning of PCA-DCT hy-
brid framework over dataset 1 and evaluate its performance
in terms of accuracy, aleatoric uncertainty, reliability and
trust.

Pre-Post discrimination and calibration: This experi-
ment evaluates the impact of PCA-DCT hybridization on



Symbol Description Value
k Default k£ for DCT in abla- 4
tion
PCA_VAR Default explained variance 99%
for PCA
BASE_MODEL | Model used for train/test gb
ORDER_MODE | Mode for method execution mi
CALIBRATE | Learn isotonic mapping on FALSE
calibration split
PCA_SWEEP | Operating range for PCA 0.90-0.99
K_SWEEP Operating set for DCT {2,4,6,8, 12}
TEST_SIZE | Size of the test population 25%

Table 1: Brief description of the global parameters used in
the PCA-DCT framework.

Dataset ID ‘ Description ‘ # cases ‘ # features

Dataset 1 base_hf_virtual10 4500 16

Dataset 2 | test_hf_survey 310 16
(nateraw)

Dataset 3 | test_kaggle_survey | 310 16

Table 2: Dataset summary used in the PCA-DCT frame-
work.

Algorithm 1: PCA-DCT Hybridization

Input set : Table X with labels Y, PCA variance 7,
DCT keep-set K
Output set: Classifier f with performance metrics
> preprocessing
> Numeric scaling
1 X « Standardize(Xnum)
> Categorical encoding
2 X < OneHot(Xca)
> Train-only stats
3 X <« Impute(X; Oain)
> MI order
4 X <« SortByMI(X,Y)
> Base representation
5 z < PCA;(Xain)
>Hybridization & evaluation
6 for each k € K do
7 ¢ = DCT(zx)
8 Cr = C1.k
9 | h=[z]&]
10 fk — Learn(hlrain, Krain)
11 {Acc, AUROC,NLL,ECE} + fi(hes)
12 return Accuracy, AUROC, NLL, ECE

discrimination and calibration using Dataset 1. The baseline
(Pre: standardized features) is compared against the PCA-
DCT hybrid (Post: PCA-DCT transformed features). Per-
formance is measured using Accuracy, AUROC, Negative
Log-Likelihood (NLL), calibrated NLL, and aleatoric un-
certainty.

The results show that accuracy improves from 0.9812 to
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0.9973, while AUROC remains nearly unchanged at 0.9988
and 0.9985, respectively (Table 3). A substantial improve-
ment in calibration is observed, with NLL decreasing from
0.0525 to 0.00939 (~82% reduction) (Fig.2). Aleatoric un-
certainty is also reduced, dropping from 0.1050 to 0.0335
(~68% reduction). In addition, the NLL distribution demon-
strates a leftward shift, supporting the improvement in cal-
ibration and reduced uncertainty. The experiment demon-
strates that frequency-aware preprocessing through PCA-
DCT hybridization substantially improves calibration (large
reduction in NLL) while preserving discrimination. The
marked decrease in aleatoric uncertainty highlights effective
compression of noise-driven variability, resulting in more re-
liable and stable predictions.

Aleatoric Change After Hybrid
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Figure 2: Aleatoric change represents NLL and Calibration-
coverage represents ECE. The PCA-DCT Hybrid reduces
aleatoric uncertainty compared to the standardized base-
line and demonstrates improved calibration, achieving lower
NLL and ECE across coverage levels.

Calibration quality & selective prediction: This exper-
iment evaluates the behavior of expected calibration error
(ECE) versus coverage, along with the selective risk curve
when a reject option is introduced.

The coverage-calibration curve (Fig. 2) for the Hybrid lies
consistently below the baseline across most coverage levels,
indicating lower calibration error at comparable throughput.



Dataset: Dataset 1
Measure
Pre Post
Accuracy 0.9812 0.9973
AUROC 0.9988 0.9985
NLL 0.0525 0.0094
NLL (calibrated) 0.0525 0.0094
Aleatoric Uncertainty 0.1050 0.0335

Table 3: Pre/Post metrics for Dataset 1.

In addition, the reliability diagram and risk-coverage curve
(Fig. 3) move closer to the ideal, with the hybrid framework
achieving lower risk for matched coverage.

The proposed framework produces more honest probabil-
ities and enables safer selective prediction, both of which are
critical for clinical decision support.

Reliability Diagram
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Figure 3: Reliability diagram and risk—coverage curve. The
PCA-DCT Hybrid is closer to ideal calibration and achieves
lower risk at the same coverage, indicating safer selective
prediction.

Uncertainty behavior and ablations: In this evaluation
we probe the impact of removing components (ablation sen-
sitivity) and examine how aleatoric uncertainty relates to
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model confidence. We compare the Baseline (Pre) with the
PCA-DCT Hybrid (Post) using: (a) mean ablation error as
components are removed, (c) the cumulative distribution of
aleatoric uncertainty (CDF), and (e) scatter of aleatoric ver-
sus predictive confidence.

Mean ablation error is lowest for the Hybrid across
removal levels, indicating greater robustness to compo-
nent drop (Fig. 4). The aleatoric CDF for the Hybrid lies
left/above the baseline, showing lower uncertainty mass.
Aleatoric versus confidence exhibits a stronger inverse re-
lation for the Hybrid, with higher confidence paired with
lower aleatoric, reflecting tighter alignment between uncer-
tainty and data difficulty.

Improvements are broad rather than localized, demon-
strating that frequency-aware representation reduces sensi-
tivity to ablations and better calibrates confidence to diffi-
culty, thereby mitigating over-confident errors.

Robustness to injected noise: We injected controlled
feature and label noise into the dataset and tracked the
changes in accuracy and aleatoric uncertainty. The Baseline
(Pre) is compared against the PCA-DCT Hybrid (Post) un-
der progressively increasing noise conditions.

Across increasing noise levels, the hybrid framework con-
sistently maintained higher accuracy and lower aleatoric un-
certainty compared to the baseline. This demonstrates that
the framework representation is less sensitive to noise-driven
perturbations. The outcome can be seen in Fig. 5 and Fig. 6.

The observed improvements are robust to clinically real-
istic perturbations such as miscoding and missingness, sup-
porting the generalizability of the Hybrid approach beyond
a single clean split.

Statistical note. Paired Wilcoxon signed-rank tests on per-
sample aleatoric deltas (Post—Pre): p ~ 3.1 x 107127, Cliff’s
0 ~ —0.616; ~ 81% of show a negative median shift.

Distributional profile of uncertainty : This evaluation
characterizes how the hybrid framework reshapes the distri-
bution of per-sample aleatoric uncertainty and its coupling
with predictive confidence.

The CDF of aleatoric uncertainty in (Fig. 7) lies above and
to the left of the baseline across most quantiles, indicating a
global shift toward lower uncertainty. In aleatoric vs confi-
dence plot (Fig. 7), the aleatoric—confidence scatter shows
a tighter inverse relationship, where high-confidence predic-
tions concentrate at lower aleatoric values. The outliers are
observed to shrink in magnitude.

Beyond mean or median summaries, the distribution-level
evidence demonstrates a broad reduction in uncertainty and
improved alignment between confidence and data difficulty.
These properties are particularly important for setting triage
thresholds and for transparent communication of risk in clin-
ical settings.

Cross-dataset benchmarking

In this section we summarize the comparison of Baseline
(Pre) versus Hybrid (Post) across three public lung-cancer
tabular datasets: Dataset 1, Dataset 2, and Dataset 3. Per-
formance is evaluated using Accuracy, AUROC, Negative
Log-Likelihood (NLL), and aleatoric uncertainty.
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Figure 4: Ablation comparing Standard, PCA-only, DCT-
only, and PCA-DCT Hybrid. The hybrid yields the lowest
error/uncertainty across settings, indicating complementary
benefits of PCA (global structure) and DCT (noise suppres-
sion).

For Dataset 1, accuracy improves from 0.9812 to 0.9973,
while AUROC remains stable at 0.9988 and 0.9985. NLL
decreases from 0.0525 to 0.00939 (approximately 82% re-
duction), and aleatoric uncertainty drops from 0.1050 to
0.0335 (approximately 68% reduction). For Dataset 2, ac-
curacy rises from 0.8846 to 0.9103, AUROC improves from
0.9574 to 0.9618, NLL decreases from 0.2037 to 0.1786,
and aleatoric uncertainty reduces from 0.1123 to 0.0406.
For Dataset 3, the same pattern is observed as in Dataset 2,
with accuracy increasing from 0.8846 to 0.9103, AUROC
improving from 0.9574 to 0.9618, NLL decreasing from
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Figure 5: Robustness under injected noise. As feature/label
noise increases, the hybrid maintains lower aleatoric uncer-
tainty than the baseline, demonstrating resilience to realistic
clinical perturbations.

0.2037 to 0.1786, and aleatoric uncertainty reducing from
0.1123 to 0.0406. This shows that the hybrid framework
consistently lowers NLL and aleatoric uncertainty while
preserving or slightly improving AUROC across hetero-
geneous tabular sources. Together with evaluation from
PCADCTeval, the evidences forms a strong, preliminary
case for frequency-aware preprocessing in lung-cancer tab-
ular methodologies. The results are observable in table 4.

’ Measure ‘ Dataset ‘ Dataset 1 ‘ Dataset 2 ‘ Dataset 3 ‘

Accuracy Pre 0.9812 0.8846 0.8846

Post 0.9973 0.9103 0.9103

Pre 0.9988 0.9574 0.9574

AUROC Post 0.9985 0.9618 0.9618

NLL Pre 0.0525 0.2037 0.2037

Post 0.0094 0.1786 0.1786

NLL Pre 0.0525 0.2037 0.2037

(calibrated) | post 0.0094 0.1786 0.1786

Aleatoric Pre 0.1050 0.1123 0.1123

uncertainty Post 0.0335 0.0406 0.0406
Table 4: Pre/Post performance across datasets.
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Figure 6: Accuracy degradation under injected noise. The
PCA-Fourier hybrid framework consistently outperforms
the standardized baseline across both feature noise (top) and
label noise (bottom). As noise levels increase, the hybrid
maintains higher accuracy, demonstrating robustness and re-
silience to data perturbations.

Conclusion

In this paper, we introduce a frequency-aware PCA-DCT
hybrid for lung-cancer tabular prediction. The framework or-
ders features by mutual information, retains low-frequency
DCT coefficients, and preserves global structure via PCA,
yielding a compact representation. Across three public
datasets, the hybrid reduced mean aleatoric uncertainty
by approximately 7%, lowered NLL by 3.1%, and pre-
served AUROC. These effects persisted under injected
noise and were supported by paired Wilcoxon tests. The
method is simple, data-efficient, and integrates readily into
existing workflows. Future work targets broader validation,
automated tuning, improved selective prediction, and inte-
gration with shift and causality-aware clinical models.
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