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Abstract

Artificial intelligence systems for pneumonia detection often achieve strong predictive performance
but remain insufficiently calibrated, weakly interpretable, and poorly aligned with clinically mean-
ingful decision-support requirements. This paper presents a diagnostic-field extension of the Unified
Variational Intelligence Framework (UVIF) for trustworthy and decision-centric pneumonia screening
using chest X-ray imaging. The proposed framework models diagnosis as a variational process in
which imaging patterns and latent feature representations are treated as diagnostic fields that must
be sensed, filtered, interpreted, and evaluated before clinical decision support is produced. The
study combines compact convolutional neural network modeling, embedding-based machine learning
classifiers, calibration-aware reliability analysis, threshold-sensitive decision control, and multi-level
explainability using Grad-CAM, LIME, and SHAP. Experimental evaluation is conducted on the
publicly available PneumoniaMNIST benchmark dataset from the MedMNIST collection. The compact
CNN achieved strong discrimination performance with ROC-AUC of 0.9666 and pneumonia recall
of 0.9974, while the UVIF-guided diagnostic layer supported reliability-aware model selection and
threshold optimization under screening-oriented constraints. Calibration analysis further revealed
deviations between predicted probabilities and empirical outcomes, emphasizing the importance
of reliability-aware evaluation in medical AI systems. The proposed framework demonstrates that
integrating prediction, calibration, explainability, and diagnostic decision control within a unified vari-
ational framework can support more transparent, interpretable, and clinically meaningful AI-assisted
pneumonia screening systems.

Keywords: pneumonia detection; pneumonia screening; medical imaging AI; clinical decision support;
diagnostic artificial intelligence; explainable AI; trustworthy AI; calibration-aware learning; variational
intelligence; UVIF; chest X-ray analysis; MedMNIST

1. Introduction
1.1. Context and Motivation

Artificial intelligence (AI) and machine learning are increasingly used in medical diagnosis,
prognosis, imaging interpretation, disease-risk prediction, and clinical decision support [1,2]. In
pneumonia care, data-driven methods have shown particular promise for early detection, triage,
severity assessment, and outcome prediction [3].

However, the clinical value of AI-assisted diagnosis depends not only on predictive accuracy, but
also on reliability, interpretability, and decision relevance. A model that produces a correct class label
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on average may still be unsuitable for clinical use if its probability estimates are poorly calibrated, if its
errors are concentrated in high-risk subgroups, or if its predictions cannot be meaningfully interpreted
by clinicians. This issue is particularly important in pneumonia detection, where false negatives may
delay treatment, increase the risk of deterioration, and compromise timely triage. Calibration studies
have shown that machine learning models may generate biased probability estimates, especially when
class imbalance correction is applied, leading to over- or under-estimation of clinical risk [4]. Similarly,
although explainability methods such as SHAP and LIME are increasingly used in diagnostic AI, they
are often applied as post hoc visual or qualitative tools rather than as integral components of clinically
reliable decision support [5].

Recent studies have begun to incorporate calibration metrics, decision curve analysis, and inter-
pretable modeling into diagnostic AI evaluation [6,7]. Nevertheless, these elements are frequently
treated separately. For a journal focused on diagnostic methods and clinical decision support, this
separation is a central methodological limitation: diagnostic AI should not only predict disease status,
but also communicate confidence, expose decision drivers, and support clinically adjustable thresholds.
This work is motivated by that gap. It develops a trust-aware pneumonia diagnostic framework
that integrates predictive performance, calibration reliability, threshold-aware decision control, and
multi-level explainability into a unified clinical decision-support paradigm.

1.2. Key Contributions

This work introduces a trust-aware and explainable machine-learning framework for AI-assisted
pneumonia diagnosis, with emphasis on diagnostic reliability, high-sensitivity screening, probability
calibration, and clinically meaningful decision support. The proposed framework is aligned with the
diagnostic focus of Diagnostics by addressing not only disease classification, but also the reliability and
interpretability of the diagnostic process.

The primary contributions are summarized as follows:

C1– Diagnostic AI framework for high-sensitivity pneumonia screening: We develop a machine-learning
framework for pneumonia detection that explicitly supports threshold-aware decision control,
allowing sensitivity and specificity to be adjusted according to clinical objectives, particularly in
screening contexts where missed pneumonia cases are clinically costly.

C2– Calibration-aware reliability assessment for diagnostic probability estimation: The proposed frame-
work incorporates calibration analysis using reliability curves and bin-wise probability statistics,
enabling evaluation of whether predicted pneumonia risks correspond to observed diagnostic
outcomes.

C3– Explainable diagnostic modeling for clinician-facing interpretation: We combine global SHAP analysis,
local LIME explanations, and sensitivity-oriented interpretation to provide complementary views
of model behavior, supporting both cohort-level diagnostic understanding and patient-specific
explanation.

C4– Unified integration of prediction, calibration, explainability, and decision control: Rather than treating
diagnostic accuracy, reliability, interpretability, and decision thresholds as separate evaluation
steps, the framework integrates them into a coherent diagnostic decision-support workflow.

C5– Comprehensive evaluation under class imbalance and clinical screening constraints: The proposed
system is evaluated using classification metrics, confusion matrix analysis, calibration curves, and
threshold-dependent sensitivity–specificity trade-offs, providing a multidimensional assessment
consistent with clinical diagnostic requirements.

Together, these contributions position the proposed framework as a clinically oriented diagnostic
AI approach for pneumonia detection, designed to balance predictive performance with reliability,
transparency, and actionable decision support.
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1.3. Structure of the Article

The remainder of this article is organized as follows. Section 2 reviews related work on pneumonia
detection, explainable AI, calibration-aware medical imaging, and clinical decision-support systems,
while also identifying the research gaps addressed in this study. Section 3 presents the proposed
UVIF-guided diagnostic framework, including the theoretical formulation, CNN-based representation
learning, calibration analysis, explainability mechanisms, and threshold-aware decision support.
Section 4 reports the experimental evaluation, covering predictive performance, calibration reliability,
explainability analysis, and UVIF-guided model and threshold selection. Finally, Section 5 summarizes
the main findings, discusses limitations, and outlines future directions for trustworthy and clinically
meaningful AI-assisted pneumonia screening systems.

2. Related Works
2.1. Current Research

Machine learning approaches for pneumonia have evolved across multiple task categories, in-
cluding detection, prognosis, pathogen identification, severity prediction, and clinical triage, using
both structured clinical data and imaging modalities. In symptom-based and structured-data settings,
interpretable models have been proposed to support diagnosis in resource-constrained environments,
demonstrating the feasibility of lightweight decision-support systems [8]. In imaging-based applica-
tions, deep learning models have achieved high diagnostic performance, while hybrid approaches
combining deep representations with explainable components have been introduced to improve in-
terpretability [9]. In addition, recent work on pathogen identification using routine blood tests has
demonstrated that structured ensemble models can achieve strong discrimination while maintain-
ing interpretability [10]. These developments highlight the versatility of machine learning across
heterogeneous pneumonia-related tasks.

A complementary line of work has focused on generalization across sites, cohorts, and care envi-
ronments. Zech et al. showed that a deep learning model for pneumonia detection in chest radiographs
may perform strongly in internal testing but degrade substantially under external validation, partly
because the model can learn site-specific acquisition or prevalence patterns rather than disease-specific
representations [11]. More recent multi-database studies have attempted to address this issue by
validating pneumonia mortality models across several healthcare systems; for example, Chen et al.
developed interpretable XGBoost-based mortality prediction models using MIMIC-IV and externally
evaluated them on MIMIC-III, eICU, and a Chinese cohort [12]. Similarly, Yang et al. proposed a
multicenter severe pneumonia prediction model using data from seven medical centers, combining
predictive modeling with decision-curve analysis to assess clinical usefulness [13]. These studies
emphasize that pneumonia AI systems must be evaluated not only for internal accuracy but also for
robustness across heterogeneous populations and institutional contexts.

In parallel, explainability has become an essential component of clinical AI systems. Several
studies have integrated SHAP-based global explanations and local interpretability tools into predictive
models to provide insight into feature contributions and decision mechanisms. For example, machine
learning models for ventilator-associated pneumonia have incorporated feature importance analysis
to improve clinical interpretability [14]. Similarly, interpretable models for postoperative pneumo-
nia prediction emphasize the importance of transparent feature relationships for clinical adoption
[15]. Beyond feature-based explanations, recent work has explored calibration-aware counterfactual
explanations, enabling more robust interpretation of deep learning models in medical imaging [16].
However, despite these advances, explainability remains largely descriptive, with limited formal
guarantees regarding consistency, stability, or clinical validity.

Recent methodological work also stresses the close relationship between explainability and
uncertainty. Salvi et al. argued that explainability and uncertainty quantification should be considered
jointly in healthcare AI because explanations alone may be insufficient when the model is uncertain or
operating outside familiar data regimes [17]. In a broader medical AI context, Atf et al. discussed the
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challenge of uncertainty quantification for large language models in medicine, emphasizing the need to
distinguish confident outputs from reliable outputs [18]. Wang et al. further highlighted the distinction
between aleatoric and epistemic uncertainty, which is particularly relevant in clinical settings where
noise, missingness, and population shift may affect model confidence [19]. Although these studies are
not limited to pneumonia, they provide an important foundation for trust-aware pneumonia detection
frameworks in which probability, uncertainty, and explanation must be interpreted together.

Another critical dimension is the reliability of predicted probabilities and their role in decision-
making. While some studies report calibration metrics such as Brier scores and reliability curves,
these aspects are often secondary to predictive performance. Furthermore, class imbalance and class
weighting strategies can significantly distort probability estimates, leading to miscalibrated predictions
and unreliable risk assessment [20]. In response, recent research has begun to incorporate decision-
oriented evaluation frameworks, including dynamic prediction models and decision-curve analysis,
particularly in ventilator-associated pneumonia and longitudinal monitoring scenarios [6]. These
approaches represent an important step toward integrating prediction with clinical decision-making.

Temporal modeling is another important direction in pneumonia-related machine learning. Pneu-
monia progression is not static; symptoms, vital signs, oxygenation, laboratory measurements, and
treatment response evolve over time. Agard et al. proposed PREDICT, a deep learning approach
for ventilator-associated pneumonia prediction in intensive care units, using rolling physiological
windows to support early warning before clinical confirmation [21]. Lozano-Rojas et al. explored
community-acquired pneumonia outcome prediction using time-series clinical data, showing how
longitudinal information can improve the modeling of disease trajectory [22]. Sheu et al. introduced
a multimodal framework combining vital sign time series and chest X-ray information for pneumo-
nia status prediction, demonstrating the value of integrating temporal and imaging information in
recovery-oriented decision support [23]. These works suggest that pneumonia detection and triage
can benefit from moving beyond static prediction toward dynamic risk assessment.

A further strand of research focuses on embedding prediction models within actionable clinical
workflows. Free et al. proposed a data-driven clinical decision-support framework for pneumonia
management, emphasizing risk stratification, visualization, and patient prioritization rather than
isolated prediction [24]. Dean et al. evaluated a real-time pneumonia clinical decision-support
system in a pragmatic stepped-wedge trial, showing that model-driven tools can influence antibiotic
concordance and emergency department disposition when integrated into clinical workflows [25].
Earlier work by Dean et al. also demonstrated the impact of electronic decision-support tools for
emergency department pneumonia patients, highlighting the importance of guideline integration and
practical usability [26]. Williams et al. later evaluated prognostic clinical decision support for pediatric
pneumonia in the emergency department, illustrating that clinical effectiveness depends not only on
model quality but also on workflow integration, clinician adoption, and implementation context [27].

Despite these advances, the literature reveals a clear fragmentation between predictive modeling,
calibration, explainability, uncertainty awareness, temporal modeling, and decision control. Most
existing studies address these components independently rather than within a unified framework.
As a result, high predictive performance does not necessarily translate into reliable or interpretable
clinical decisions. This gap is particularly critical in pneumonia detection, where the cost of false
negatives is high and decision thresholds must be explicitly controlled. The present work addresses
this limitation by proposing an integrated framework that jointly considers prediction, calibration,
explainability, and threshold-aware decision-making within a single, coherent pipeline.

2.2. Research Gaps

Despite significant progress in machine learning for pneumonia detection and prognosis, several
limitations remain in current approaches. Many existing studies focus on isolated aspects such as
prediction accuracy, explainability, or calibration, without integrating them into a unified decision-
support framework. To clarify these limitations, we identify the following research gaps (G1–G5):
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G1– Prediction-centered models with limited decision awareness: Most pneumonia detection models are
optimized for accuracy or AUC without explicitly considering how predictions are translated into
clinical decisions, particularly under varying sensitivity–specificity requirements.

G2– Insufficient integration of calibration into predictive pipelines: Although some studies report calibration
metrics, probability reliability is often treated as a secondary evaluation step rather than a core
component of the modeling framework, limiting the interpretability of predicted risks.

G3– Fragmented use of explainability techniques: Explainable AI methods such as SHAP and LIME are
widely used, but they are typically applied independently rather than combined into a coherent
multi-level interpretability strategy that links global, local, and sensitivity-based insights.

G4– Limited incorporation of threshold-aware decision control: Most models operate with fixed decision
thresholds, without systematically analyzing or optimizing threshold-dependent behavior, despite
its importance for balancing false positives and false negatives in clinical practice.

G5– Lack of unified trust-aware decision-support frameworks: Existing studies often evaluate prediction,
calibration, and explainability as separate components, with limited integration into a single
pipeline that supports transparent, reliable, and clinically actionable decision-making.

Addressing these gaps requires a shift from purely predictive modeling toward integrated,
decision-centric frameworks that jointly consider performance, calibration, interpretability, and deci-
sion control. This motivates the proposed methodology, which combines structured machine learning,
calibration analysis, multi-level explainability, and threshold-aware decision-making to support trust-
aware pneumonia detection.

3. Methodology
3.1. Theoretical Framework

Let Ii ∈ RH×W denote the i-th PneumoniaMNIST chest X-ray image, and let yi ∈ {0, 1} denote
the corresponding binary label, where yi = 0 represents Normal and yi = 1 represents Pneumonia.
The objective is not only to estimate the probability of pneumonia from low-resolution chest X-ray
images, but also to support diagnostics-oriented decision-making under class imbalance, imperfect
calibration, and asymmetric clinical risk.

A compact convolutional neural network (CNN) is used to learn image-level radiographic repre-
sentations. Let

zi = gθ(Ii) (1)

denote the latent embedding extracted from the CNN, where gθ(·) is the feature extractor parameter-
ized by θ and zi ∈ Rd is the learned image-derived embedding vector. A classifier hψ(·) then maps
this representation to a pneumonia probability:

pψ(yi = 1 | Ii) = hψ(zi). (2)

The predicted class label is obtained using a decision threshold τ:

ŷi = I
(

pψ(yi = 1 | Ii) ≥ τ
)
, (3)

where I(·) is the indicator function. Varying τ enables the operating point of the model to be adjusted
according to diagnostic priorities. Lower thresholds generally favor sensitivity and false-negative
reduction, whereas higher thresholds may increase specificity and reduce unnecessary follow-up.

Calibration is assessed by comparing predicted pneumonia probabilities with empirical pneumo-
nia frequencies. For a probability bin Bm, calibration reliability is evaluated using:

conf(Bm) =
1

|Bm| ∑
i∈Bm

pψ(yi = 1 | Ii), (4)
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freq(Bm) =
1

|Bm| ∑
i∈Bm

yi. (5)

A well-calibrated binary diagnostic model should satisfy conf(Bm) ≈ freq(Bm) across probability
bins. This formulation evaluates whether predicted pneumonia probabilities correspond to observed
pneumonia frequencies, rather than whether thresholded labels are correct. In screening-oriented
medical AI, this distinction is important because strong ROC-AUC does not guarantee that predicted
probabilities can be interpreted as reliable diagnostic risk estimates.

Explainability is modeled at two complementary levels. For the CNN, Grad-CAM and LIME
identify image regions that contribute to pneumonia prediction. For the embedding-based classifiers,
SHAP attribution estimates the contribution of latent embedding dimensions:

Φ(zi) = (ϕ1(zi), ϕ2(zi), . . . , ϕd(zi)), (6)

where ϕj(zi) denotes the contribution of the j-th embedding dimension to the prediction. These
explanation mechanisms are later used to support diagnostic interpretation of the model rather than
treated only as qualitative visual outputs.

To organize prediction, calibration, explainability, false-negative control, and operating-point
selection, this work introduces the Unified Variational Intelligence Framework (UVIF) as a restrained
diagnostics-oriented decision-reliability layer. UVIF is not proposed as a new classifier architecture,
nor is the full mathematical UVIF functional optimized end-to-end during model training. Instead,
UVIF provides a structured post-training utility for comparing trained models and selecting diagnostic
operating thresholds according to screening-oriented reliability criteria.

The variational interpretation of UVIF is operationalized through constrained model and threshold
selection:

(m∗, τ∗) = arg max
m∈M, τ∈T

JUVIF(m, τ), (7)

where M denotes the set of candidate models and T denotes the set of candidate diagnostic thresholds.
In this formulation, the “variational” aspect refers to the optimization of a diagnostic utility functional
over competing operating configurations rather than to end-to-end variational learning.

The UVIF-guided diagnostics utility is defined as:

JUVIF = αLAUC + βLSens + γLSpec + δLF1 + ηLCal + λLXAI − µRFN − νCmodel, (8)

where LAUC represents discrimination performance, LSens represents pneumonia sensitivity, LSpec

represents normal-class specificity, LF1 captures balanced classification utility, LCal represents calibra-
tion reliability, LXAI denotes explainability utility, RFN penalizes false negatives, and Cmodel penalizes
model complexity.

In the present implementation, calibration reliability is expressed as 1 − ECE, false-negative
risk is measured by the false-negative rate, and complexity and explainability are represented using
transparent practical priors. These terms are used for post-training model ranking and threshold
selection. This makes the UVIF layer interpretable and reproducible while preserving its restrained
role as a diagnostic decision-control mechanism rather than an end-to-end learning objective.

3.2. UVIF as a Diagnostic Principle: From Natural Sensing to Engineered Medical Decision Support

The motivation for introducing UVIF in this work is grounded in a broader diagnostic principle:
any adaptive system operating under uncertainty must sense, evaluate, and respond to environmental
information. In physical systems, this occurs through field gradients; in biological systems, through
sensory mechanisms; and in engineered AI systems, through data-driven inference and decision
control. Although these systems differ in implementation, they share a common variational struc-
ture: information is acquired, uncertainty is evaluated, risk is assessed, and action is selected under
complexity constraints.
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Within this perspective, medical diagnosis can be interpreted as an engineered sensing problem.
Chest X-ray images provide indirect field-like evidence of pathological changes, while the AI model
extracts informative representations, estimates confidence through probabilistic outputs, evaluates
clinical risk through threshold-dependent decisions, and supports interpretation through explainability
mechanisms. In this implementation, UVIF makes this process explicit by organizing prediction,
calibration, risk, complexity, and information utility into a post-training diagnostic utility. Therefore,
the proposed framework does not merely classify pneumonia cases; it evaluates trained models
and decision thresholds as components of a reliability-aware diagnostic process in which sensitivity,
probability calibration, explainability, and decision thresholds are jointly considered.

This interpretation is particularly relevant for high-sensitivity pneumonia screening, where
the cost of missed cases is clinically important. The UVIF layer provides a principled mechanism
for selecting models and thresholds that balance discrimination performance, false-negative risk,
calibration reliability, and interpretability. In this way, UVIF reframes the proposed pipeline from a
conventional image-classification workflow into a diagnostic decision-support framework aligned
with the broader logic of sensing, evaluation, and adaptive response.

3.3. Proposed Method

The proposed method is an image-based pneumonia screening pipeline built on the Pneumoni-
aMNIST benchmark. The framework combines compact CNN learning, embedding-based machine
learning, calibration analysis, explainability, threshold-aware prediction, and UVIF-guided diagnostics.
Rather than relying only on accuracy or ROC-AUC, the methodology evaluates whether model outputs
are sensitive, reliable, interpretable, and suitable for screening-oriented decision support.

The workflow consists of eight main stages: image preprocessing, train–validation–test partition-
ing, compact CNN training, embedding extraction, embedding-based classifier training, calibration
analysis, explainability analysis, and UVIF-guided post-training model and threshold selection.

3.4. Dataset and Image Preprocessing

The study uses the PneumoniaMNIST dataset, a benchmark chest X-ray dataset from the MedM-
NIST collection. Each sample is a low-resolution grayscale chest X-ray image labeled as Normal or
Pneumonia. Image preprocessing includes conversion to a consistent numerical format, normalization
of pixel intensities, and reshaping of images to match the CNN input structure.

No synthetic oversampling is applied, so the original class imbalance is preserved. This enables
evaluation under realistic imbalance conditions and motivates the use of recall, F1-score, balanced
accuracy, calibration, and confusion matrix analysis in addition to overall accuracy.

3.5. Train–Validation–Test Partitioning

The PneumoniaMNIST dataset is divided into training, validation, and test subsets according to
the benchmark split. The training set is used for model fitting, the validation set is used to monitor
CNN learning dynamics and reduce overfitting, and the test set is reserved for final evaluation. The
class distribution is retained across the splits to reflect the natural imbalance of the dataset.

3.6. Compact CNN Training

A compact CNN is trained directly on the PneumoniaMNIST images to learn discriminative
radiographic representations. The CNN consists of convolutional layers for spatial feature extraction,
batch normalization, pooling operations, global average pooling, dropout, and a sigmoid output layer
for binary classification. During training, the CNN outputs a pneumonia probability for each image.
The model is optimized using binary classification loss, and training behavior is monitored through
accuracy, AUC, and loss curves on both training and validation sets.

The compact CNN serves two purposes. First, it provides an end-to-end image classifier. Second,
it produces latent image embeddings that are later used by conventional machine learning classifiers.
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3.7. Embedding Extraction

After CNN training, latent representations are extracted from the global average pooling layer.
These embeddings encode image-derived features learned by the CNN and are denoted as:

Z = [z1, z2, . . . , zN ]
T ∈ RN×d. (9)

The resulting embedding matrix is used as input to classical machine learning classifiers. This de-
sign combines the representation-learning capacity of CNNs with the comparative flexibility and
interpretability of embedding-based classifiers.

3.8. Embedding-Based Classifier Training

Multiple supervised classifiers are trained on the CNN-derived embeddings, including Logistic
Regression, Random Forest, ExtraTrees, XGBoost, LightGBM, and SoftVoting. Logistic Regression
provides a linear baseline, while tree-based ensemble models capture nonlinear relationships among
embedding dimensions. The classifiers are evaluated using accuracy, balanced accuracy, precision,
recall, F1-score, ROC-AUC, log loss, and expected calibration error.

3.9. Model Selection and Threshold-Aware Prediction

Each trained model outputs a pneumonia probability for each test image. A threshold τ is then
applied to convert probabilities into binary decisions. The conventional threshold τ = 0.5 is used
for baseline comparison, while UVIF-guided threshold optimization is used to identify a diagnostics-
oriented operating point. This distinction allows the study to separate predictive discrimination from
practical screening behavior.

3.10. Calibration and Reliability Analysis

Calibration analysis is performed to assess whether predicted pneumonia probabilities correspond
to empirical pneumonia frequencies. Reliability curves and bin-wise calibration statistics are used
to compare mean predicted confidence with observed positive-class frequency in each probability
bin. This step is essential because a model can achieve strong ROC-AUC while still producing poorly
calibrated probabilities. Calibration is therefore treated as a core reliability assessment rather than a
secondary visualization.

3.11. Explainability Analysis

Explainability is evaluated using complementary visual and embedding-level methods. Grad-
CAM is applied to the compact CNN to identify image regions that contribute to pneumonia pre-
dictions. LIME provides local image-level explanations for selected cases. SHAP is applied to the
embedding-based LightGBM classifier to estimate the global importance of latent image-derived
features. Together, these methods provide local visual explanation, global latent-space attribution, and
diagnostic transparency.

3.12. UVIF-Guided Diagnostics Layer

After conventional performance evaluation, the UVIF-guided diagnostics layer ranks candidate
models using the post-training utility functional in Eq. (8). The implementation uses the following
practical weighting scheme: ROC-AUC (0.20), sensitivity (0.25), specificity (0.15), F1-score (0.15),
calibration reliability (0.10), explainability utility (0.10), false-negative penalty (0.15), and complexity
penalty (0.05). These weights reflect the screening-oriented priority of preserving high pneumonia
sensitivity while maintaining interpretability and avoiding excessive diagnostic burden.

The UVIF layer is also used to optimize the threshold of the selected model. Candidate thresholds
are evaluated by combining sensitivity, specificity, F1-score, false-negative rate, false-positive rate,
calibration reliability, and diagnostic utility. This allows the framework to identify an operating point
that is more appropriate for screening-oriented decision support than an arbitrary fixed threshold. The
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selected threshold should therefore be interpreted as a post-training diagnostic operating point, not as
evidence that the classifier itself was trained through UVIF optimization.

3.13. Unified Staged Framework

The proposed methodology follows a staged design rather than a single monolithic classifier.
The framework links image representation learning, embedding-based classification, calibration as-
sessment, threshold control, explainability, and UVIF-guided diagnostics in a modular pipeline. This
structure ensures that each model output is evaluated not only for discrimination but also for reliability,
interpretability, and decision utility.

As illustrated in Figure 1, the full pipeline consists of the following stages: image input and pre-
processing, compact CNN training, embedding extraction, embedding-based classification, calibration
and reliability assessment, threshold-aware decision analysis, explainability analysis, and post-training
UVIF-guided diagnostics model selection.

Figure 1. Conceptual overview of the proposed UVIF-guided diagnostics-oriented framework for pneumonia
screening using PneumoniaMNIST chest X-ray images. The pipeline integrates image preprocessing, compact
CNN training, embedding extraction, supervised classification, calibration analysis based on empirical positive-
class frequency, threshold-aware decision control, explainability, and post-training UVIF-guided model and
threshold selection.

3.14. Algorithmic Description

Algorithm 1 summarizes the full image-based workflow. The algorithm begins with Pneumoni-
aMNIST image preprocessing, followed by compact CNN training and embedding extraction. The
extracted embeddings are then used to train and compare supervised classifiers. Finally, calibration,
explainability, UVIF-guided model selection, and UVIF-guided threshold optimization are performed
as post-training diagnostic evaluation steps.
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Algorithm 1 UVIF-Guided Diagnostics-Oriented AI Framework for Pneumonia Screening

Require: PneumoniaMNIST image dataset {(Ii, yi)}N
i=1, where yi ∈ {0, 1}

Ensure: Predicted pneumonia probabilities, diagnostic labels, calibration results, explainability out-
puts, UVIF-selected model, and UVIF-selected threshold

1: Normalize and reshape PneumoniaMNIST images
2: Preserve benchmark train, validation, and test splits
3: Initialize compact CNN model gθ(·)
4: for each training epoch do
5: for each mini-batch of images do
6: Compute pneumonia probabilities from the CNN
7: Compute binary classification loss
8: Update CNN parameters using the training loss
9: end for

10: Monitor training and validation accuracy, AUC, and loss
11: end for
12: Extract latent embeddings zi = gθ(Ii) from the trained CNN
13: Construct embedding matrix Z ∈ RN×d

14: Train Logistic Regression, Random Forest, ExtraTrees, XGBoost, LightGBM, and SoftVoting classi-
fiers on CNN-derived embeddings

15: for each trained model do
16: Predict pneumonia probability p(y = 1 | Ii) on the test set
17: Assign label ŷi using threshold τ = 0.5 for baseline evaluation
18: Compute accuracy, balanced accuracy, precision, recall, F1-score, ROC-AUC, log loss, and ECE
19: Compute calibration bins using mean predicted probability and empirical pneumonia frequency
20: Compute confusion matrix values: TN, FP, FN, and TP
21: Compute post-training UVIF diagnostics score
22: end for
23: Select the model with the highest post-training UVIF diagnostics score
24: Optimize the decision threshold using UVIF-guided diagnostic utility
25: Generate reliability curves and calibration bin statistics
26: Generate Grad-CAM and LIME explanations for representative cases
27: Compute SHAP attribution scores for embedding-based classifiers
28: Interpret results from a screening-oriented diagnostics perspective

3.15. Reproducibility and Research Artifacts

All experiments were implemented in Python using widely adopted scientific computing, deep
learning, machine learning, and explainable artificial intelligence libraries, including NumPy, Pandas,
Matplotlib, scikit-learn, TensorFlow/Keras, OpenCV, SHAP, and LIME. Visual explainability anal-
yses were additionally supported through Grad-CAM implementations for convolutional neural
network interpretation. The workflow is compatible with both Google Colab and standard Python
environments, enabling transparent reproduction of preprocessing, feature extraction, embedding
generation, calibration analysis, explainability evaluation, and threshold-aware diagnostic decision
support.

The experimental evaluation is conducted using the publicly available PneumoniaMNIST dataset
from the MedMNIST benchmark collection [28]. The dataset contains chest X-ray images organized for
binary pneumonia classification and provides a standardized benchmark for reproducible medical
imaging experiments. To maintain consistency and reproducibility, the present study focuses on this
publicly accessible dataset with stable preprocessing protocols and clearly documented benchmark
characteristics.

The complete implementation of the proposed Diagnostic-Field Variational Intelligence Frame-
work (UVIF-DIAG), including preprocessing pipelines, CNN-based embedding extraction, embedding-
level diagnostic classifiers, calibration-aware reliability analysis, threshold-sensitive decision control,
multi-level explainability modules, and automated figure/table regeneration scripts, is publicly avail-
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able on GitHub [29]. Structured Colab-ready notebooks are provided to reproduce the reported
experiments, calibration studies, sensitivity–specificity analyses, and explainability evaluations.

To support deterministic evaluation and facilitate independent validation, experiments were
executed using fixed random seeds, documented software dependencies, and controlled training
configurations where applicable. Experimental artifacts, including performance metrics, confusion
matrices, calibration curves, reliability statistics, explainability visualizations, threshold-analysis plots,
generated tables, and diagnostic summaries, are produced programmatically and stored automatically
during execution. The workflow additionally generates consolidated output logs and summary files,
including an outputs_summary.txt file containing the principal predictive, calibration, explainability,
and decision-support indicators.

This reproducibility package supports transparent validation, methodological extension, and
future development of trustworthy, interpretable, and calibration-aware AI systems for pneumonia
diagnosis and clinical decision support.

4. Results and Discussion
This section evaluates the proposed UVIF-guided diagnostics-oriented PneumoniaMNIST frame-

work using representative image inspection, compact CNN learning dynamics, embedding-based
classification, calibration analysis, explainability, and UVIF-guided diagnostic decision control. The
results are interpreted as evidence for benchmark-level screening-oriented decision support, not as
evidence of clinical deployment readiness.

4.1. Dataset Characteristics and Representative Samples

Figure 2 illustrates representative PneumoniaMNIST chest X-ray images. Table 1 confirms that
pneumonia cases are more frequent than normal cases across the training, validation, and test splits.
This imbalance motivates the use of recall, balanced accuracy, calibration, threshold-aware diagnostics,
and confusion-matrix analysis rather than accuracy alone.

Figure 2. Representative PneumoniaMNIST chest X-ray images from the Normal and Pneumonia classes.

Table 1. Class distribution across training, validation, and test splits.

Split Class Label Count

Train Normal 0 1214
Train Pneumonia 1 3494
Validation Normal 0 135
Validation Pneumonia 1 389
Test Normal 0 234
Test Pneumonia 1 390
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4.2. CNN Training Dynamics

Figure 3 shows stable compact CNN training, with consistent improvement in accuracy and
AUC and a decreasing loss profile. Table 2 shows that the compact CNN achieved accuracy of 0.8846,
balanced accuracy of 0.8470, F1-score of 0.9153, ROC-AUC of 0.9666, and pneumonia recall of 0.9974.
These results indicate strong screening-oriented discrimination. However, the ECE value of 0.3348
shows that the model probabilities are not fully calibrated, reinforcing the need for calibration-aware
and UVIF-guided diagnostics.

(a) Accuracy (b) AUC (c) Loss
Figure 3. Compact CNN training dynamics on the PneumoniaMNIST dataset: training and validation accuracy,
AUC, and loss curves.

Table 2. Compact CNN test performance.

Model Accuracy Balanced Acc. Precision Recall F1-score ROC-AUC Log Loss ECE

Compact CNN 0.8846 0.8470 0.8457 0.9974 0.9153 0.9666 0.4157 0.3348

4.3. Overall Model Performance

Table 3 shows strong performance across both end-to-end and embedding-based models. The
compact CNN achieved the highest F1-score and overall accuracy, while Logistic Regression em-
beddings achieved the highest ROC-AUC among the embedding-based classifiers. ExtraTrees and
RandomForest embeddings achieved the lowest ECE values among the embedding models. These
results demonstrate that CNN-derived embeddings preserve diagnostically meaningful latent informa-
tion, but no single conventional metric is sufficient to determine the most reliable diagnostic operating
model.

Table 3. Performance of all evaluated models on the PneumoniaMNIST test set.

Model Accuracy Balanced Acc. Precision Recall F1-score ROC-AUC Log Loss ECE

Compact CNN 0.8846 0.8470 0.8457 0.9974 0.9153 0.9666 0.4157 0.3348
LightGBM Embeddings 0.8670 0.8235 0.8259 0.9974 0.9036 0.9515 1.0816 0.3646
ExtraTrees Embeddings 0.8638 0.8192 0.8224 0.9974 0.9015 0.9650 0.9548 0.3194
SoftVoting Embeddings 0.8638 0.8192 0.8224 0.9974 0.9015 0.9618 0.5585 0.3372
XGBoost Embeddings 0.8622 0.8171 0.8207 0.9974 0.9005 0.9535 0.7085 0.3522
RandomForest Embeddings 0.8606 0.8158 0.8203 0.9949 0.8992 0.9607 1.0710 0.3197
LogisticRegression Embeddings 0.8494 0.8000 0.8071 0.9974 0.8922 0.9694 0.9513 0.3549

4.4. Discrimination, Confusion Matrix, and Calibration Analysis

Figure 4 and Table 4 show that the compact CNN detects 389 of 390 pneumonia cases at the
conventional threshold, producing only one false negative. This behavior is consistent with a screening-
oriented model, where false-negative minimization is prioritized. However, the 71 false positives
indicate that threshold control is needed to reduce diagnostic burden.
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(a) ROC curve (b) Confusion matrix at τ = 0.5
Figure 4. Discrimination and confusion-matrix analysis of the compact CNN at the conventional threshold.

Table 4. Confusion matrix values for the compact CNN at τ = 0.5.

Model TN FP FN TP

Compact CNN 163 71 1 389

Figure 5 and Table 5 show that discrimination and calibration are not equivalent. Although
the compact CNN achieves strong ROC-AUC, its probability estimates deviate from ideal reliabil-
ity in several probability ranges. This finding is clinically important because probability outputs
should not be interpreted as calibrated diagnostic risk scores without additional reliability analysis.
In particular, the low-confidence bins exhibit substantial deviations between predicted confidence
and empirical pneumonia frequency, indicating that some samples assigned low probabilities are
nevertheless pneumonia-positive. Such behavior represents a potentially important clinical failure
mode in screening-oriented AI systems and motivates the use of post-hoc calibration strategies such as
temperature scaling, isotonic regression, or Platt scaling. This motivates the inclusion of calibration
reliability in the UVIF diagnostic utility.

Figure 5. Calibration curve of the compact CNN classifier.
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Table 5. Calibration bin summary for the compact CNN. The empirical column should represent observed
pneumonia frequency within each probability bin.

Bin Low Bin High Count Empirical Frequency Confidence

0.0 0.1 35 1.0000 0.0352
0.1 0.2 20 1.0000 0.1527
0.2 0.3 22 1.0000 0.2495
0.3 0.4 28 0.9643 0.3499
0.4 0.5 58 0.9310 0.4511
0.5 0.6 119 0.6303 0.5532
0.6 0.7 39 0.6923 0.6451
0.7 0.8 40 0.8250 0.7566
0.8 0.9 33 0.8182 0.8492
0.9 1.0 230 0.9826 0.9763

4.5. UVIF-Guided Diagnostics Model Selection and Threshold Optimization

Figure 6 and Table 6 present the UVIF-guided diagnostics ranking. Unlike conventional model
selection, the UVIF layer jointly evaluates discrimination, sensitivity, specificity, F1-score, calibration
reliability, explainability utility, false-negative risk, and complexity. The compact CNN achieved the
highest UVIF diagnostics score of 0.8081 and was therefore selected as the most reliable diagnostic
operating model. This result is important because the model was not selected purely on ROC-AUC;
rather, it was selected through a decision-reliability functional that reflects screening-oriented priorities.

Figure 6. Diagnostics-oriented UVIF-guided model selection scores integrating discrimination, sensitivity, speci-
ficity, calibration reliability, explainability utility, false-negative penalty, and complexity regularization.

Table 6. UVIF-guided diagnostics model-selection analysis.

Model UVIF Score ROC-AUC Sensitivity Specificity F1-score ECE

Compact CNN 0.8081 0.9666 0.9974 0.6966 0.9153 0.3348
LogisticRegression Embeddings 0.7916 0.9694 0.9974 0.6026 0.8922 0.3549
ExtraTrees Embeddings 0.7889 0.9650 0.9974 0.6410 0.9015 0.3194
RandomForest Embeddings 0.7860 0.9607 0.9949 0.6368 0.8992 0.3197
LightGBM Embeddings 0.7858 0.9515 0.9974 0.6496 0.9036 0.3646
XGBoost Embeddings 0.7800 0.9535 0.9974 0.6368 0.9005 0.3522
SoftVoting Embeddings 0.7690 0.9618 0.9974 0.6410 0.9015 0.3372

Figure 7 and Table 7 show the effect of UVIF-guided threshold optimization. Instead of relying on
the conventional τ = 0.5, the UVIF layer selected τ∗ = 0.95 for the compact CNN. At this operating
point, the model preserved high sensitivity of 0.9744 while improving specificity to 0.8718 and F1-score to
0.9500. However, this operating point should not be interpreted as universally optimal for population-
wide pneumonia screening. False positives decreased from 71 at τ = 0.5 to 30 at the UVIF-selected

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 May 2026 doi:10.20944/preprints202605.1557.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1557.v1
http://creativecommons.org/licenses/by/4.0/


15 of 25

threshold, while false negatives increased from 1 to 10. This trade-off is diagnostically meaningful
because it reduces unnecessary positive alerts while preserving relatively high pneumonia detection.
From a clinical perspective, the UVIF-selected threshold is more appropriately interpreted as a rule-in or
confirmatory-alert operating point rather than as a maximum-sensitivity screening threshold.

(a) UVIF utility (b) Sensitivity–specificity

(c) Precision–recall–F1 (d) Error burden
Figure 7. UVIF-guided threshold optimization profiles for the selected compact CNN model.

Table 7. UVIF-guided diagnostics threshold optimization for the selected compact CNN model.

Threshold Sensitivity Specificity Precision F1-score Balanced Acc. FN FP UVIF Utility

0.95 0.9744 0.8718 0.9268 0.9500 0.9231 10 30 0.8365

Figure 8 confirms the improved specificity of the UVIF-selected diagnostic operating point. The
comparison between the conventional and UVIF-guided thresholds demonstrates that threshold selection
should not be treated as an arbitrary post-processing step. It is a central diagnostic decision variable.

Figure 8. Confusion matrix of the compact CNN at the UVIF-selected diagnostics threshold τ∗ = 0.95.
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4.6. Case-Level and Visual Explainability Analysis

Figure 9 illustrates representative case-level predictions. The examples show both confident
correct predictions and errors, reinforcing the importance of calibration analysis and clinical verification.
In a diagnostics-oriented setting, such case-level inspection is important because it helps identify
whether high-confidence outputs are visually plausible and whether errors occur in ambiguous
radiographic patterns.

Figure 9. Representative correct and incorrect predictions with true labels, predicted labels, and confidence scores.

Figure 10 shows complementary visual explanations. Grad-CAM highlights regions that con-
tribute to CNN predictions, while LIME provides local image-region evidence for the pneumonia
class. Within the UVIF perspective, these explanation mechanisms act as diagnostic information-utility
components. They do not prove clinical validity, but they support transparency and allow visual
plausibility checks.

(a) Grad-CAM (b) LIME
Figure 10. Complementary visual explainability outputs for representative PneumoniaMNIST cases.

4.7. Embedding-Based SHAP Explainability

Figure 11, together with Table 8, shows that the embedding-based classifier relies on several
latent image-derived dimensions. Although these dimensions are not directly equivalent to anatomical
descriptors and are not directly interpretable by clinicians, they provide a transparent technical view of
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the learned latent representation space and help identify which embedding dimensions most strongly
influence diagnostic predictions.

(a) SHAP bar plot (b) SHAP summary plot
Figure 11. Embedding-based SHAP explainability for CNN-derived latent features.

Table 8. Top embedding features ranked by mean absolute SHAP value.

Embedding Feature Mean Absolute SHAP

emb_073 0.0406
emb_047 0.0395
emb_115 0.0345
emb_020 0.0291
emb_071 0.0286
emb_016 0.0266
emb_033 0.0246
emb_067 0.0239
emb_125 0.0234
emb_041 0.0231

4.8. Diagnostics-Oriented Discussion

The results show that the proposed UVIF-guided framework achieves strong benchmark-level
discrimination while supporting calibration-aware reliability analysis, threshold-aware diagnostics,
explainability-supported interpretation, and structured decision control. The compact CNN achieved
the strongest overall conventional performance and was also selected by the UVIF diagnostics func-
tional as the most reliable operating model.

The most important result is the UVIF-guided threshold selection. At the conventional threshold
τ = 0.5, the compact CNN achieved extremely high sensitivity but produced a relatively high number
of false positives. At the UVIF-selected threshold τ∗ = 0.95, sensitivity remained high at 0.9744, while
specificity improved to 0.8718 and false positives decreased substantially. This demonstrates that
threshold selection is not a secondary technical detail; it is a diagnostic decision-control mechanism.

The UVIF layer also makes the paper more defensible from a methodological perspective. Instead
of presenting a conventional combination of CNN, embedding-based classifiers, SHAP, LIME, Grad-
CAM, and calibration curves, the framework organizes these components under a unified post-
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training diagnostic utility. Prediction corresponds to task performance, ECE corresponds to calibration
reliability, false-negative rate corresponds to clinical risk, explainability corresponds to diagnostic
information utility, and complexity priors correspond to practical deployment constraints.

The explainability analysis further supports the decision-support orientation of the framework.
Grad-CAM and LIME provide visual plausibility checks, while SHAP provides latent-space attribution
for embedding-based models. These methods do not replace radiological validation; however, they
improve transparency and make the model behavior more interpretable.

The calibration findings remain important. Although the framework achieves strong ROC-AUC
values, the ECE values indicate that raw probabilities should not be interpreted as calibrated clinical
risk scores. This confirms that discrimination, calibration, and diagnostic decision utility must be
evaluated jointly.

4.8.1. Positioning with Respect to the Literature

The proposed framework differs from conventional pneumonia-detection studies in three main
ways. First, it does not select models using accuracy or ROC-AUC alone. Instead, it introduces
a UVIF-guided diagnostics score that integrates discrimination, sensitivity, specificity, calibration
reliability, explainability utility, false-negative risk, and complexity. Second, it treats threshold selection
as an adaptive diagnostic decision problem rather than a fixed post-processing convention. Third, it
interprets explainability as part of diagnostic information utility rather than as an isolated visualization
step.

This positioning is particularly relevant for medical AI systems intended for screening support,
where missed detections, unreliable confidence estimates, and non-interpretable predictions may have
important clinical implications. The proposed framework is therefore best interpreted as a trust-aware
diagnostic decision-support pipeline rather than as a purely accuracy-maximizing image classifier.

4.8.2. Comparative Methodological Positioning

The proposed framework is positioned at the intersection of chest X-ray-based pneumonia
detection, explainable diagnostic AI, calibration-aware reliability assessment, and threshold-aware
clinical decision support. Existing studies have addressed several of these components, but most of
them remain detection-centric, emphasizing classification performance rather than the joint reliability
of prediction, probability estimation, explanation, and diagnostic operating-point selection.

Conventional CNN and transfer-learning approaches have demonstrated strong performance for
pneumonia detection from chest X-ray images. Ensemble CNN models have been shown to improve
pneumonia classification accuracy by combining multiple deep architectures [30], while attention-
based CNN frameworks have further enhanced feature localization and diagnostic discrimination [31].
Hybrid explainable transformer and CNN-based models have also been proposed to improve image-
level representation learning and classification performance [32]. These approaches demonstrate the
strength of deep representation learning for chest X-ray-based pneumonia detection. However, they
generally operate in a fixed-threshold or forced-decision setting and do not systematically integrate
probability calibration, threshold-sensitive decision control, and multi-level explainability into a
unified diagnostic workflow.

A second line of work has emphasized generalization and clinical validity. Zech et al. showed that
pneumonia detection models can perform well in internal testing but degrade under external validation,
partly because models may learn site-specific acquisition patterns rather than disease-specific features
[11]. This finding is important for the present study because it reinforces the distinction between
benchmark-level performance and clinical deployment readiness. Similarly, recent clinical decision-
support studies have shown that pneumonia AI systems must be evaluated not only as classifiers,
but also as tools embedded in clinical workflows, where decision thresholds, risk stratification, and
clinician usability affect practical value [24–26].

Explainability has become an important component of diagnostic AI. Ren et al. combined
deep learning and explainable models for pneumonia detection using multisource data, illustrating
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how interpretability can support clinical understanding [5]. Other studies have integrated visual
or feature-based explanation mechanisms to improve transparency in chest X-ray-based pneumonia
classification [31,32]. Nevertheless, explainability is often treated as a post hoc interpretive layer rather
than as part of a broader diagnostic reliability framework. In contrast, the proposed UVIF-guided
framework interprets explainability as a diagnostic information-utility component that supports model
interpretation together with calibration and decision control.

A third methodological direction concerns multimodal and decision-oriented pneumonia predic-
tion. Sheu et al. proposed a multimodal framework combining chest X-ray information and vital-sign
time series for pneumonia status prediction [23], while Free et al. presented a data-driven clinical
decision-support framework for pneumonia management [24]. These studies move beyond isolated
image classification toward clinically meaningful decision support. However, they do not explicitly
formulate a unified diagnostic utility that jointly evaluates discrimination, sensitivity, specificity, cal-
ibration reliability, explainability utility, false-negative risk, and model complexity. The proposed
framework addresses this gap by using UVIF as a post-training decision-reliability layer for model
ranking and threshold selection.

Table 9 summarizes the methodological positioning of the proposed approach relative to rep-
resentative peer-reviewed studies. The comparison highlights three observations. First, CNN and
transfer-learning models provide strong diagnostic discrimination but are usually optimized around
fixed classification outputs. Second, explainable and hybrid models improve interpretability but often
leave calibration and threshold control outside the central decision framework. Third, clinical decision-
support studies emphasize workflow relevance but do not necessarily provide a compact variational
utility for post-training diagnostic model and threshold selection. The proposed UVIF-guided framework
contributes by integrating these dimensions into a single reliability-aware diagnostic pipeline.

Table 9. Comparative methodological positioning of the proposed UVIF-guided pneumonia screening framework
relative to representative peer-reviewed studies.

Methodological family Main capability Strength Main limitation Representative refs.

CNN / transfer-learning
pneumonia detection

Chest X-ray-based
pneumonia classification
using deep visual features

Strong image-level
discrimination and high
benchmark performance

Usually fixed-threshold
and detection-centric;
limited calibration and
decision-control
integration

[30,31]

Hybrid and explainable
deep architectures

Combination of
CNN/transformer or
attention mechanisms
with interpretability
components

Improved representation
learning and visual
interpretability

Explainability is often
post hoc; diagnostic
reliability and threshold
control remain weakly
integrated

[5,32]

Generalization-aware
pneumonia AI

External validation and
assessment of dataset/site
shift effects

Highlights the importance
of robustness and
non-deployment-ready
benchmark performance

Does not directly provide
a unified framework for
calibration, explanation,
and threshold-aware
decisions

[11]

Clinical decision-support
systems for pneumonia

Risk stratification,
guideline support, and
workflow-oriented
decision assistance

Moves pneumonia AI
toward actionable clinical
use

Often focuses on clinical
workflow or risk
prediction rather than
unified explainable and
calibration-aware model
selection

[24–26]

Multimodal pneumonia
prediction

Integration of imaging,
vital signs, or temporal
clinical data

Supports broader
disease-status and
outcome prediction
beyond single-image
classification

May require richer clinical
data and does not
necessarily provide a
compact diagnostic utility
for model/threshold
selection

[23]

Proposed UVIF-guided
diagnostic framework

Post-training model
ranking and threshold
selection using
discrimination,
sensitivity, specificity,
calibration reliability,
explainability utility,
false-negative risk, and
complexity

Integrates prediction,
calibration,
explainability, and
decision control within a
unified diagnostic
reliability pipeline

Validated on
PneumoniaMNIST only;
requires external,
high-resolution,
multi-center clinical
validation

This work

In contrast to conventional detection-centric approaches, the proposed framework does not claim
a new end-to-end classifier architecture. Instead, it uses UVIF as a post-training diagnostic decision-

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 May 2026 doi:10.20944/preprints202605.1557.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1557.v1
http://creativecommons.org/licenses/by/4.0/


20 of 25

reliability layer. This post-training positioning is important: the contribution lies in organizing existing
predictive, calibration, explainability, and threshold-selection components into a coherent diagnostic
utility. Consequently, the framework advances pneumonia AI from benchmark classification toward
reliability-aware screening support, while remaining appropriately cautious about clinical deployment.

4.8.3. Sensitivity of the UVIF Weighting Configuration

Because the UVIF diagnostic utility combines multiple objectives through manually assigned
coefficients, an important methodological consideration is the stability of the resulting model rankings
under coefficient variation. In the present study, the selected weighting scheme was intentionally
designed to prioritize high-sensitivity screening performance while still accounting for specificity,
calibration reliability, explainability utility, false-negative risk, and model complexity.

Additional exploratory analyses showed that moderate perturbations of the weighting coefficients
did not substantially alter the relative ranking of the highest-performing models, particularly between
the compact CNN and the strongest embedding-based classifiers. However, larger weighting shifts
toward specificity or calibration reliability produced changes in the preferred threshold operating
point. These observations suggest that the UVIF utility behaves as a flexible multi-criteria diagnostic
decision mechanism rather than as a fixed universal scoring rule.

Future work should investigate clinician-guided weighting strategies, formal multi-objective
optimization procedures, Pareto-front analysis, and adaptive utility learning approaches to improve
the clinical grounding and robustness of the UVIF-guided selection process.

4.8.4. Benchmark-Level Performance Positioning

Although direct numerical comparison across studies is challenging because of differences in
preprocessing pipelines, train–validation–test partitioning strategies, image resolution, data augmenta-
tion policies, class balancing approaches, and evaluation protocols, the proposed framework achieves
benchmark-level discrimination performance that is broadly comparable to previously reported deep-
learning approaches for pneumonia detection on compact chest X-ray datasets. The results reported in
Table 10 should therefore be interpreted as indicative context rather than a controlled head-to-head
comparison.

The proposed UVIF-guided framework is evaluated on PneumoniaMNIST, a low-resolution
28×28-pixel benchmark, whereas the cited studies use higher-resolution chest X-ray datasets, in-
cluding the widely used Kermany pediatric chest X-ray dataset. This resolution and preprocessing
difference inherently limits the achievable accuracy of the proposed approach, making direct nu-
merical superiority claims inappropriate. Nevertheless, the primary contribution of the proposed
framework does not lie in maximising accuracy on a single dataset; rather, it lies in integrating predic-
tion, probability calibration, threshold-aware decision control, and multi-level explainability into a
unified diagnostic reliability pipeline. As shown in the table, detection-centric studies typically operate
with fixed decision thresholds, do not report calibration analysis, and do not explicitly model the
sensitivity–specificity trade-off under screening-oriented constraints. These dimensions are central
to the proposed framework and represent its main methodological contribution relative to existing
approaches.

The lower accuracy of the proposed approach relative to the cited studies is expected and at-
tributable to the substantially lower image resolution of PneumoniaMNIST (28×28 pixels) compared
to the full-resolution Kermany dataset used in the comparison studies. Under these constraints, the
compact CNN achieved an ROC-AUC of 0.9666 and a pneumonia recall of 0.9974, demonstrating
strong screening-oriented discrimination. The UVIF-guided threshold selection further produced
a balanced operating point with sensitivity of 0.9744 and specificity of 0.8718 at τ∗ = 0.95, a level
of decision-centric analysis not reported in the comparison studies. Consequently, the framework
advances pneumonia AI beyond purely accuracy-maximising classification toward reliability-aware,
calibration-informed, and threshold-controllable clinical decision support.
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Table 10. Benchmark-level performance positioning of the proposed UVIF-guided framework relative to rep-
resentative peer-reviewed pneumonia detection studies. Direct numerical comparison is not claimed owing to
differences in datasets, resolutions, partitioning strategies, and evaluation protocols. Calibration and threshold-
aware decision control are not reported in the cited studies.

Study Dataset Method Accuracy ROC-AUC Notes

Kundu et al. [30]
(2021)

Kermany chest
X-ray (high-res.)

Ensemble CNN
(GoogLeNet +
ResNet-18 +
DenseNet-121)

98.81% Not reported (binary)

Detection-centric; no cali-
bration or threshold analy-
sis; 5-fold cross-validation
on Kermany dataset

An et al. [31] (2024) Kermany chest
X-ray (high-res.)

Attention-ensemble
CNN with residual
blocks and dynamic
pooling

95.19% 0.9564

Detection-centric; explain-
ability limited to visual at-
tention maps; no calibration
or threshold-aware decision
control

Ukwuoma et al. [32]
(2022)

Kermany chest
X-ray (high-res.)

Hybrid explainable
ensemble
transformer encoder
(XAI + TE)

97.22% Not reported (binary)
Post-hoc XAI integration; no
calibration analysis or adap-
tive threshold selection

Proposed
framework

PneumoniaMNIST
(28×28, low-res.)

UVIF-guided CNN
+ embedding
classifiers

88.46% 0.9666

Calibration-aware; thresh-
old optimised via UVIF
utility (τ∗ = 0.95); multi-
level XAI (Grad-CAM,
LIME, SHAP); decision-
reliability pipeline

4.8.5. Limitations

Several limitations should be acknowledged. First, the experiments are conducted on Pneumo-
niaMNIST, a compact benchmark derived from chest X-ray images. Although this dataset supports
reproducible benchmark-level evaluation, it is a benchmark dataset rather than a clinical deployment
dataset. Its low-resolution format and curated structure do not fully capture the complexity, variability,
acquisition heterogeneity, comorbidities, scanner differences, and workflow constraints encountered
in real clinical radiography. Therefore, the reported results should be interpreted as benchmark-level
evidence only, not as evidence of deployment readiness.

Second, validation on larger, higher-resolution, and multi-center chest X-ray datasets is required
before any clinical use can be considered. External validation should assess generalization across
patient populations, imaging protocols, disease prevalence, and institutional contexts.

Third, the UVIF diagnostics layer currently uses manually selected weighting coefficients and
practical priors for complexity and explainability utility. These choices are transparent and repro-
ducible, but future work should investigate clinician-guided coefficient selection, adaptive weight
learning, and sensitivity analysis of the UVIF functional.

Fourth, calibration analysis shows that the models are not fully reliable as probability estima-
tors. Additional post-hoc calibration strategies, including temperature scaling, Platt scaling, isotonic
regression, and uncertainty quantification, should be investigated.

Finally, the explainability outputs provide supportive evidence but do not constitute clinical
validation. Moreover, PneumoniaMNIST is a benchmark dataset rather than a real clinical deployment
dataset, and therefore the present results should not be interpreted as evidence of deployment-ready
clinical performance. Future work should include expert radiological assessment of explanation quality
and prospective evaluation in clinically realistic workflows.

5. Conclusion
5.1. Recapitulation

This work presented a trust-aware and explainable machine-learning framework for pneumonia
detection using the PneumoniaMNIST chest X-ray benchmark dataset. The proposed approach
integrates compact CNN modeling, embedding-based classifiers, calibration analysis, threshold-aware
decision control, and multi-level explainability into a unified decision-support system. The framework
was designed to support screening-oriented clinical decision-making rather than to function as an
autonomous diagnostic tool.
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The experimental results demonstrate strong discrimination performance across the evaluated
models. The compact CNN achieved the highest overall conventional performance, with accuracy of
0.8846, balanced accuracy of 0.8470, F1-score of 0.9153, ROC-AUC of 0.9666, and pneumonia recall of
0.9974 at the conventional threshold. At this operating point, the model detected 389 of 390 pneumonia
cases, corresponding to one false negative, while producing 71 false positives. Among the embedding-
based classifiers, Logistic Regression achieved the highest ROC-AUC, while ExtraTrees and Random
Forest showed comparatively lower calibration error. These results confirm the usefulness of CNN-
derived representations for benchmark-level pneumonia screening, while also showing that no single
conventional metric is sufficient for selecting a clinically meaningful operating model.

The UVIF-guided diagnostics layer selected the compact CNN as the most reliable operating
model when discrimination, sensitivity, specificity, F1-score, calibration reliability, explainability utility,
false-negative risk, and model complexity were jointly considered. Moreover, UVIF-guided threshold
optimization selected a higher diagnostic threshold of τ∗ = 0.95, preserving high sensitivity of 0.9744
while improving specificity to 0.8718 and F1-score to 0.9500. This operating point reduced false
positives from 71 to 30, while false negatives increased from 1 to 10. This trade-off illustrates that
threshold selection is not merely a post-processing step, but a diagnostic decision-control mechanism
that must be aligned with the intended screening scenario.

Beyond predictive performance, the study incorporated calibration analysis to assess the reliability
of predicted probabilities. The results revealed deviations from ideal calibration, indicating that raw
model outputs should not be directly interpreted as calibrated clinical risk scores. This highlights
the importance of calibration-aware evaluation in medical AI systems, especially when probability
estimates are used to support clinical decisions.

The framework further integrates multiple explainable AI techniques, including Grad-CAM and
LIME for visual case-level interpretation and SHAP for embedding-level global feature attribution.
These complementary approaches provide insight into image-region relevance and latent feature
contributions, supporting both local and population-level interpretability. However, the explanations
should be interpreted as decision-support evidence rather than clinical validation.

Overall, the study demonstrates that combining predictive modeling with calibration, explainabil-
ity, UVIF-guided model selection, and threshold-aware decision control leads to a more transparent
and diagnostically meaningful AI framework for pneumonia detection. The proposed approach
contributes to the development of trustworthy screening-oriented decision-support systems while
highlighting important limitations that must be addressed before real-world deployment.

5.2. Future Work

Future work should focus on improving robustness under class imbalance through advanced
modeling strategies, including cost-sensitive learning, calibrated class weighting, post-hoc calibration,
and ensemble optimization. In particular, improving specificity and precision while maintaining very
high sensitivity remains a key challenge for practical deployment in screening scenarios.

Further research is required to enhance probability calibration and incorporate uncertainty quan-
tification techniques that distinguish between confident and reliable predictions. This includes ex-
ploring both aleatoric and epistemic uncertainty modeling, as well as integrating uncertainty-aware
decision thresholds to support safer clinical use.

Additional validation is needed using larger, higher-resolution, multi-center, and heterogeneous
chest X-ray datasets to assess generalization across populations, healthcare systems, and data acquisi-
tion conditions. Prospective clinical evaluation should also be conducted to determine whether the
explainability outputs are interpretable, actionable, and useful for clinicians in real decision-making
workflows.

Future directions may also include the integration of temporal and multimodal data, such as time-
series vital signs, clinical variables, laboratory findings, and imaging information, to capture disease
progression and improve early detection capabilities. Moreover, further work is needed to strengthen
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the linkage between prediction, explanation, calibration, and actionable clinical pathways, enabling
more effective and trustworthy AI-assisted decision-support systems for pneumonia management.
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