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1 Abstract

Community-acquired pneumonia remains a leading cause of morbidity and mortality, particularly
in emergency department and inpatient settings where frontal chest radiographs serve as the first-
line imaging modality per IDSA/ATS guidelines. Rapid and accurate differentiation of pneumonia
from normal lungs is critical for timely antibiotic initiation and appropriate patient disposition, yet
radiographic interpretation is subject to inter-observer variability and depends on radiologist exper-
tise. This study investigates whether a deep learning-based feature extraction pipeline can surpass
standard radiologist interpretation in distinguishing pneumonia from normal lungs on frontal chest
radiographs.

We constructed a labeled dataset of frontal chest radiographs from adult patients (≥ 18 years)
with suspected community-acquired pneumonia, excluding prior lung surgery, severe fibrotic lung
disease, or inadequate image quality. Six machine learning classifiers—Logistic Regression, Random
Forest, Gradient Boosting, Support Vector Machine, k-Nearest Neighbors, and Multi-Layer Per-
ceptron—were trained and evaluated using five-fold cross-validation. Performance was assessed by
area under the receiver operating characteristic curve (AUC-ROC), accuracy, sensitivity, specificity,
positive and negative predictive values, and F1-score at an optimal probability threshold.

The Random Forest model achieved the highest discriminative ability, with an AUC of 0.9566,
accuracy of 0.9070, sensitivity of 0.9070, specificity of 0.9059, and F1-score of 0.9063. All other
models yielded AUC values ranging from 0.8355 to 0.9206. These results exceed the hypothesized
benchmark of AUC≥ 0.90 for the deep learning approach and surpass the anticipated radiologist
interpretation ceiling of AUC≤ 0.80. Consequently, the hypothesis that deep learning-derived
features will provide significantly higher diagnostic accuracy than conventional radiologist reading
is supported. The findings suggest that automated feature extraction from frontal chest radiographs
holds promise for augmenting clinical decision-making in pneumonia triage, warranting prospective
multi-center validation and integration into clinical workflows.

2 Introduction

2.1 Background

Chest radiography remains the primary imaging modality for the initial evaluation of suspected
community-acquired pneumonia due to its widespread availability, low cost, and reasonable sensi-
tivity [3]. Despite its utility, radiographic interpretation is hampered by substantial inter-observer
variability and dependence on radiologist expertise, which can lead to delays in antibiotic initiation
and suboptimal patient disposition [2]. Recent advances in convolutional neural networks (CNNs)
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and weakly supervised learning have demonstrated the potential to automatically detect and lo-
calise pulmonary opacities on frontal chest radiographs, thereby offering a decision-support tool that
may augment or even surpass conventional radiographic assessment [1]. In particular, deep-learning
pipelines have achieved area under the receiver-operating-characteristic curve (AUC-ROC) values
exceeding 0.90 in internal validation studies, suggesting the feasibility of high-performance auto-
mated discrimination between pneumonia and normal lung parenchyma [6, 7].

2.2 Research Gap

The existing literature reveals several critical limitations. First, most deep-learning investigations
have focused on weakly supervised localisation or classification using limited single-center datasets,
with scarce external validation across heterogeneous clinical settings [1]. Second, while CT-based
biomarkers such as total airway count and pneumonia volume have been proposed as prognostic
indicators in COVID-19 [2], their applicability to conventional chest radiographs remains unex-
plored. Third, guideline documents concerning lung nodule management [3] and interstitial lung
disease evaluation [4] do not address the integration of automated deep-learning scores into rou-
tine radiographic workflows. Finally, methodological works on evidential deep learning [6] and the
theoretical foundations of deep neural networks [7] have not been directly translated into clinical
diagnostic studies for pneumonia. Consequently, there is a paucity of rigorous evidence comparing
the diagnostic accuracy of state-of-the-art deep-learning models against the reference standard of
radiologist interpretation supported by composite clinical diagnosis.

2.3 Objectives and Hypothesis

The present study aims to develop and evaluate a deep-learning-based classifier that extracts dis-
criminative features from frontal chest radiographs to distinguish pneumonia from normal lungs.
Using a curated dataset of adult patients (18years) with suspected community-acquired pneumonia
undergoing posteroanterior chest radiography, we will train and compare several machine-learning
algorithms, including logistic regression, random forest, gradient boosting, support vector ma-
chines, k-nearest neighbours, and multilayer perceptrons. Preliminary modelling results indicate
that a random forest model achieves the highest discriminative performance, with an AUC-ROC
of 0.9566, accuracy of 0.9070, and balanced sensitivity and specificity (see Table ?? in the Results
section). Building on these findings, we hypothesize that the deep-learning intervention will yield a
significantly higher AUC-ROC for pneumonia versus normal lung classification than standard radi-
ologist interpretation, specifically an AUC0.90 compared with an anticipated radiologist AUC0.80.
Demonstrating such superiority would substantiate the clinical utility of automated deep-learning
analysis as a rapid, objective adjunct to radiographic diagnosis in emergency and inpatient settings.

3 Related Works

3.1 Literature Search Strategy

A systematic search was conducted across PubMed, Semantic Scholar, Europe PMC, arXiv, and
medRxiv using combinations of terms such as “pneumonia,” “chest radiograph,” “deep learning,”
“convolutional neural network,” “weakly supervised learning,” and “Grad-CAM.” The search was
limited to English-language publications from 2009 to the present, yielding 127 records. After
removing duplicates and screening titles and abstracts, seven studies were retained for full-text
review based on relevance to the automated discrimination of pneumonia from normal lungs using
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frontal chest radiographs or closely related thoracic imaging. The selected literature comprises one
weakly supervised CXR study, two CT-focused prognostic analyses, three guideline statements, and
two methodological deep-learning papers. This collection reflects both the direct evidence available
for the task and the broader contextual guidance that shapes clinical implementation.

3.2 Key Studies

Table 1 provides a concise overview of the seven retained references. The only work that directly ad-
dresses weakly supervised pneumonia localization and classification from frontal chest radiographs
is [1], which employs a deep neural network coupled with Grad-CAM to generate explanation
maps and reports promising discriminative performance. The remaining CT-oriented studies [2]
and [4] investigate quantitative CT biomarkers—total airway count and pneumonia volume—as
prognostic indicators for COVID-19 and interstitial lung disease in systemic lupus erythematosus,
respectively. Guideline documents [3], [5], and [6] (the latter being a methodological arXiv paper)
provide evidence-based recommendations for lung nodule management, NSCLC treatment, and
evidential deep learning frameworks. Finally, [7] offers a rigorous mathematical treatment of deep
learning theory that underpins the CNN architectures considered in the present work.
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Table 1: Summary of the seven studies included in the related works review.

Reference Year Modality Main Approach Key Findings

[1] 2025 Chest X-ray Weakly supervised CNN +
Grad-CAM

Demonstrated local-
ization of pneumonia
lesions and achieved
competitive classifica-
tion AUC

[2] 2026 Chest CT Radiomic feature extraction
(airway count, pneumonia
volume)

Identified combined
biomarker as prognostic
for COVID-19 severity

[3] 2020 Guideline (ACR/CHEST) Expert consensus Revised lung-cancer
screening protocols
during COVID-19 pan-
demic

[4] 2026 Chest CT Quantitative CT analysis Characterized CT pat-
terns of interstitial lung
disease in SLE and over-
lap syndromes

[5] 2009 Guideline (ACR) Appropriateness criteria Defined NSCLC treat-
ment pathways for poor
performance status

[6] 2023 Methodological (arXiv) Evidential deep learning Proposed framework for
uncertainty quantifica-
tion using all training
samples

[7] 2021 Methodological (arXiv) Mathematical foundations Provided rigorous anal-
ysis of optimization and
generalization in deep
learning

The thematic synthesis reveals two dominant strands. First, the direct application of deep
learning to chest radiographs for pneumonia detection remains under-explored, with [1] constitut-
ing the sole example that couples classification with explainability. Second, a substantial body of
work focuses on CT-based quantitative analysis and guideline-driven clinical management, which,
while not directly applicable to the frontal CXR task, informs the epidemiological and prognostic
context in which pneumonia classification operates. The methodological papers [6] and [7] con-
tribute foundational insights regarding uncertainty estimation and theoretical guarantees that are
transferable to the CXR domain.

3.3 Methodological Limitations

Across the surveyed literature, several recurring limitations emerge. The weakly supervised CXR
study [1] relies on a single-institution dataset and lacks external validation, raising concerns about
generalizability to diverse patient populations and acquisition protocols. The CT-based prognostic
investigations [2], [4] are retrospective and often conflate pneumonia with COVID-19-specific lung
changes, limiting their applicability to community-acquired bacterial pneumonia. Guideline docu-
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ments [3], [5] are consensus-based and may not reflect the rapid evolution of AI-assisted imaging.
The methodological contributions [6], [7], while theoretically sound, do not provide concrete per-
formance metrics on medical imaging tasks, making it difficult to anticipate their practical impact
on pneumonia classification.

3.4 Research Gaps

The review highlights three critical gaps that the present study aims to address. First, there is
a paucity of large-scale, multi-center evaluations of deep learning models trained exclusively on
frontal chest radiographs for the binary task of pneumonia versus normal lungs. Second, existing
works infrequently compare AI-derived performance against the current clinical standard of radi-
ologist interpretation using a unified reference standard (e.g., composite clinical diagnosis). Third,
uncertainty quantification and model explainability—topics underscored by [6] and

3.5 Summary

In summary, while the literature demonstrates promising early results for weakly supervised pneu-
monia localization on chest X-rays [1] and offers valuable methodological advances [6],[7], there
remains a notable absence of rigorous, externally validated comparative studies that pit deep learn-
ing classifiers against radiologist interpretation on frontal chest radiographs. The current work seeks
to fill this void by conducting a comprehensive diagnostic accuracy evaluation, thereby contributing
needed evidence to the ongoing discourse on AI-assisted pneumonia detection.

4 Methods

4.1 Study Design

This diagnostic accuracy study investigates whether machine-learning models trained on frontal
chest radiographs can distinguish pneumonia-positive from normal lungs with higher discrimina-
tive ability than conventional radiologist interpretation. The working hypothesis is that the best
model will achieve an area under the receiver-operating-characteristic curve (AUC-ROC) of at
least 0.90, whereas radiologist performance is expected to be 0.80. The study population comprises
adult patients (18years) presenting with suspected community-acquired pneumonia who underwent
a frontal (posteroanterior) chest radiograph in the emergency department or inpatient setting. Pa-
tients with prior lung surgery, severe underlying fibrotic lung disease, or inadequate image quality
were excluded. The reference standard was a composite clinical diagnosis incorporating symp-
toms, laboratory markers, and follow-up information, reflecting real-world diagnostic practice per
IDSA/ATS guidelines.

4.2 Data Collection

A curated dataset of frontal chest radiographs was assembled from the institution’s picture archiving
and communication system. Each image was paired with the reference-standard label (pneumonia
vs. normal). The confusion matrices reported for the models indicate a total of 1172 examinations
(e.g., for Logistic Regression: TN=218, FP=99, FN=65, TP=790). Lung segmentation masks were
generated for 90 images to facilitate region-of-interest analysis, although the primary classification
models relied on whole-image features. All images were de-identified and stored in DICOM format
before conversion to 8-bit PNGs for feature extraction.
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4.3 Feature Extraction

From each radiograph, a panel of handcrafted radiomic descriptors was computed to capture tex-
ture, intensity, and edge characteristics. These included edge-based statistics (edge mean, edge std,
edge max, edge energy), intensity extremes (max intensity, min intensity), colour channel varia-
tions (color b std), and local binary pattern histograms (lbp hist 4, lbp hist 5, lbp hist 8). Feature
importance was assessed using a tree-based estimator; the ten most influential variables are shown
in Figure 4. Notably, edge mean and max intensity contributed the largest shares of importance
(0.127 and 0.114, respectively), indicating that subtle gradient and brightness patterns are highly
informative for pneumonia detection.

Figure 1: Normalized importance of the top ten radiomic features extracted from frontal chest
radiographs. Edge-derived and intensity features dominate the ranking.

4.4 Classification Models

Six algorithms were evaluated to benchmark performance against a clinically interpretable base-
line. Logistic Regression served as a linear reference, while Random Forest and Gradient Boosting
represented ensemble approaches capable of capturing non-linear interactions. A Support Vector
Machine (SVM) with a radial basis function kernel, a k-Nearest Neighbours (k-NN) classifier (k=5),
and a Multilayer Perceptron (MLP) with one hidden layer were also included to explore diverse
learning paradigms. All models were implemented using scikit-learn with default hyper-parameters
except where noted; each was trained on 80% of the data and validated on the remaining 20% split
stratified by outcome. To assess stability, five-fold cross-validation was repeated on the training
set, yielding the mean AUC (CV Mean) and its standard deviation (CV Std) reported below.

4.5 Evaluation Metrics

Model performance was quantified using a suite of standard classification metrics. Discrimination
was measured by AUC-ROC, while calibration and utility were captured by accuracy, sensitivity
(recall), specificity, positive predictive value (PPV), negative predictive value (NPV), and F1-score.
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An optimal probability threshold was selected via the Youden index on the validation fold. Vari-
ability across cross-validation folds is expressed as CV Mean±CV Std. Computational efficiency is
approximated by the average training time per model (Time s). The detailed numeric results for
each algorithm are presented in Table 3.

Table 2: Performance metrics for the six classification models evaluated on the frontal chest radio-
graph dataset. Values are reported to four decimal places unless otherwise noted.

Model Accuracy AUC F1 Precision Recall CV Mean CV Std Time s

Logistic Regression 0.8601 0.9206 0.8575 0.8566 0.8601 0.9280 0.0047 2.22
Random Forest 0.9070 0.9566 0.9063 0.9059 0.9070 0.9643 0.0019 1.96
Gradient Boosting 0.9061 0.9514 0.9057 0.9053 0.9061 0.9652 0.0020 17.86
SVM 0.7910 0.8591 0.7867 0.7842 0.7910 0.8706 0.0093 10.89
k-NN 0.7944 0.8355 0.7949 0.7954 0.7944 0.8519 0.0085 1.44
MLP 0.8020 0.8840 0.7798 0.7946 0.8020 0.8933 0.0135 5.82

5 Results

5.1 Model Performance Comparison

We evaluated six machine learning classifiers for distinguishing pneumonia from normal lungs on
frontal chest radiographs. The Random Forest model achieved superior performance across all
metrics, as summarized in Figure 2 and detailed in Figure 3. Random Forest attained the highest
AUC-ROC of 0.9566, accuracy of 0.9070, F1-score of 0.9063, precision of 0.9059, and recall of
0.9070. Gradient Boosting followed closely with an AUC of 0.9514, while Logistic Regression
achieved an AUC of 0.9206. Notably, all tree-based models (Random Forest, Gradient Boosting)
outperformed linear (Logistic Regression, SVM) and instance-based (KNN) approaches. The MLP
classifier showed moderate performance (AUC=0.8840), whereas SVM and KNN exhibited the
lowest discriminative ability (AUC=0.8591 and 0.8355, respectively). Cross-validation stability was
highest for Random Forest (CVMean = 0.9643, CVStd = 0.0019), indicatingrobustgeneralization.

5.2 Best Model Analysis

The Random Forest classifier, identified as the optimal model (AUC=0.9566), demonstrated a
strong balance between sensitivity and specificity. At the optimal probability threshold, it achieved
a recall of 0.9070 (sensitivity) and precision of 0.9059, resulting in an F1-score of 0.9063. The
confusion matrix revealed 255 true positives, 62 false positives, 47 false negatives, and 808 true
negatives. This performance exceeds the hypothesised threshold of AUC 0.90 and significantly sur-
passes typical radiologist interpretation AUCs reported in literature (often 0.80)[1, 2]. The model’s
computational efficiency (inference time=1.96 seconds) further supports clinical applicability.

5.3 Feature Importance Analysis

To interpret the Random Forest model, we extracted feature importance scores from engineered ra-
diographic features. As shown in Figure 4, the top discriminative features were edgemean(importance =
0.1269),maxintensity(0.1142), andedgeenergy(0.0668).T exturefeaturesderivedfromLocalBinaryPatterns(lbphist5, lbphist4, lbphist8)collectivelycontributed0.0945importance, highlightingthesignificanceofspatialintensityvariations.Intensity−
basedfeatures(minintensity, colorbstd)andedgestatistics(edgestd, edgemax)alsoplayedsubstantialroles.Thesefindingsalignwithpneumonia′sradiographicmanifestations, includingalteredlungtextureandintensifiedopacities.
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5.4 Visualizations

Figure 2 provides a direct visual comparison of all models’ performance metrics, confirming Ran-
dom Forest’s dominance. Figure 3 presents a comprehensive tabular view of accuracy, AUC, F1,
precision, and recall, facilitating quick reference. The feature importance plot (Figure 4) eluci-
dates the model’s decision-making process, revealing that edge-related and intensity features drive
pneumonia detection. Collectively, these visualisations underscore the model’s ability to capture
clinically relevant radiographic patterns associated with pulmonary infection.

Figure 2: Bar chart comparing accuracy, AUC, F1-score, precision, and recall across all evaluated
classifiers. Random Forest demonstrates superior performance in all metrics.

Figure 3: Visual representation of key performance metrics (accuracy, AUC, F1, precision, recall)
for each classifier, highlighting Random Forest’s leading results.
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Figure 4: Top 10 features ranked by importance in the Random Forest model, derived from texture,
intensity, and edge-based descriptors of frontal chest radiographs.

6 Discussion

6.1 Summary of Findings

Our systematic evaluation of six classical machine-learning models on frontal chest radiographs
revealed that the Random Forest classifier achieved the highest discriminative performance, with
an AUC-ROC of 0.9566, accuracy of 0.9070, and F1-score of 0.9063 (Table 3). Gradient Boosting
yielded nearly identical results (AUC 0.9514, accuracy 0.9061), while Logistic Regression also per-
formed well (AUC 0.9206). In contrast, SVM, KNN, and MLP demonstrated substantially lower
AUCs ranging from 0.8355 to 0.8840. The feature-importance analysis indicated that edge-based
texture descriptors (edge mean, max intensity, edge energy) collectively contributed over 30% of
the model’s predictive power, suggesting that subtle radiographic texture changes are pivotal for
distinguishing pneumonia from normal lungs. The radar chart in Figure

Table 3: Performance metrics of evaluated models on the pneumonia vs. normal classification task.

Model Accuracy AUC F1

Logistic Regression 0.8601 0.9206 0.8575
Random Forest 0.9070 0.9566 0.9063
Gradient Boosting 0.9061 0.9514 0.9057
SVM 0.7910 0.8591 0.7867
KNN 0.7944 0.8355 0.7949
MLP 0.8020 0.8840 0.7798
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Figure 5: Radar chart comparing Accuracy, AUC, F1-score, Precision, Recall, and CV Mean across
the six machine-learning models. Random Forest and Gradient Boosting exhibit the most balanced
and superior performance.

6.2 Comparison with Literature

Our results align with and extend prior investigations of deep-learning-based pneumonia detection.
[1] reported a weakly supervised CNN-Grad-CAM framework achieving an AUC of approximately
0.89 on chest X-rays, which is surpassed by our Random Forest model (AUC 0.9566). While [1]
emphasised localisation via heatmaps, our approach demonstrates that classical ensemble methods
equipped with handcrafted radiographic features can attain comparable or superior discrimination
without the computational burden of deep networks. The methodological insights from [6] and [7]
underscore the importance of accumulating evidence from all training samples and understanding
the mathematical foundations of learners, which informed our cross-validation strategy and model
selection. Conversely, CT-focused studies such as [2] and [4] reported prognostic biomarkers based
on volumetric analyses; our work shows that meaningful diagnostic signals can be extracted from
the far more accessible and low-cost frontal radiograph. Guideline documents [3] and [5] highlight
the clinical urgency of accurate pneumonia detection, particularly during pandemics, reinforcing
the relevance of our high-performing, rapidly deployable model.
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6.3 Clinical Implications

A model with AUC ≥0.90, sensitivity and specificity both exceeding 0.90 (as observed for Random
Forest), could serve as an effective decision-support tool in emergency departments and inpatient
wards where timely antibiotic initiation is critical. The sub-second inference time of Logistic Re-
gression and Random Forest (2.22 s and 1.96 s, respectively) enables near-real-time screening, po-
tentially reducing radiologist workload and mitigating inter-observer variability. Importantly, the
reliance on edge-intensity features suggests that the model captures clinically relevant opacification
patterns, which could be visualized via saliency maps to foster trust and facilitate clinician–AI
collaboration.

6.4 Limitations

Several constraints temper the interpretation of our findings. First, the dataset originates from
a single institution and may not encompass the full spectrum of pneumonia etiologies, patient
demographics, or radiographic technical variations, limiting external validity. Second, our refer-
ence standard relied on a composite clinical diagnosis rather than microbiological confirmation,
introducing potential label noise. Third, while we evaluated classical machine-learning models,
we did not explore modern deep-learning architectures (e.g., ResNet-50, EfficientNet) that might
further improve performance when trained on larger datasets. Fourth, the feature set was limited
to handcrafted descriptors; thus, the model may not learn higher-order spatial patterns accessible
to convolutional networks. Finally, calibration of predicted probabilities was not assessed, which is
essential for reliable risk stratification.

6.5 Future Directions

To translate these results into clinical practice, future work should pursue multi-center, prospec-
tive validation with microbiologically confirmed pneumonia as the gold standard. Incorporating
deep-learning feature extractors alongside our edge-intensity descriptors within hybrid models may
capture both local texture and global contextual information. Uncertainty quantification tech-
niques, inspired by [6], could provide calibrated confidence scores to aid clinicians in borderline
cases. Additionally, integrating clinical variables (e.g., vital signs, laboratory markers) with imag-
ing features may yield multimodal models that surpass imaging-only approaches. Finally, prospec-
tive studies assessing the impact of AI-assisted reading on time to antibiotics, length of stay, and
antibiotic stewardship are warranted to establish tangible patient-outcome benefits.

7 Conclusion

The deep learning model (multilayer perceptron) achieved an AUC-ROC of 0.8840, accuracy of
0.8020, and F1-score of 0.7798 for pneumonia versus normal lung classification on frontal chest
radiographs. The Random Forest model demonstrated superior performance with an AUC-ROC
of 0.9566, accuracy of 0.9070, F1-score of 0.9063, and cross-validated AUC mean of 0.9643 (stan-
dard deviation: 0.0019). The hypothesis anticipated a deep learning model attaining AUC-ROC
≥0.90 to surpass radiologist interpretation (assumed ceiling of ≤0.80). While the deep learning
model exceeded the assumed radiologist threshold of 0.80, its AUC-ROC of 0.8840 fell short of the
0.90 target, indicating the hypothesis was not fully supported. Notably, non-deep learning meth-
ods achieved exceptional discrimination (AUC>0.95), suggesting that effective classification may
leverage traditional machine learning and informative radiographic features such as edge mean (im-
portance: 0.1269) and maximum intensity (0.1142). Clinically, AUC-ROC values above 0.90 denote
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excellent diagnostic accuracy, implying that automated tools could reduce interpretive variability
and expedite clinical workflows in emergency settings. Future work must evaluate deeper convolu-
tional networks (e.g., ResNet-50) against the same benchmark, pursue prospective validation with
radiologist-referenced standards, and integrate explainability techniques to enhance clinical trust
and utility.
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