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Abstract

Background: Chest radiography (CXR) is the most frequently performed radiological exam worldwide,
yet reporting backlogs due to radiologist shortages remain critical in emergency care. Artificial
intelligence triage systems may alleviate this challenge by differentiating normal from abnormal
studies and prioritizing urgent cases. This study aimed to externally validate TRIA, a commercial
Al-powered CXR triage algorithm (NeuralMed, Sdo Paulo, Brazil). Methods: TRIA uses a two-stage
deep learning approach: an image segmentation module to isolate the thoracic region, followed by
a classification model trained to recognize common cardiopulmonary pathologies. The system was
trained on 275,399 CXRs from multiple public and private datasets. External validation was performed
retrospectively on 1,045 CXRs (568 normal, 477 abnormal) from a teaching university hospital. Ground
truth was derived from radiologist reports using a large language model-assisted extraction pipeline;
a subset of 300 reports was independently reviewed by a radiologist (accuracy 0.98; 95% confidence
intervals (CI) 0.978-0.988). Four ensemble decision strategies for abnormality detection were compared.
Performance metrics included sensitivity, specificity, accuracy, and area under the receiver operating
characteristic curve (AUROC) with 95% CI). Results: The general abnormality classifier achieved
strong performance (AUROC 0.911). Individual pathology models for cardiomegaly, pneumothorax,
and effusion showed excellent results (AUROC 0.968, 0.955, and 0.935, respectively). The weighted
ensemble demonstrated the best balance, with accuracy 0.854 (95% CI 0.831-0.874), sensitivity 0.845
(0.810-0.875), specificity 0.861 (0.830-0.887), and AUROC 0.927 (0.911-0.940). Sensitivity-prioritized
methods (>0.92) produced lower specificity (<0.69). False negatives were mainly subtle or equivocal
cases, although many were still flagged abnormal by the general classifier. Conclusions: TRIA achieved
robust and balanced accuracy in distinguishing normal from abnormal CXRs. Integration into clinical
workflows could reduce reporting delays, prioritize urgent cases, and improve patient safety. These
findings support its clinical utility and warrant prospective multicenter validation.

Keywords: artificial intelligence; chest radiography; triage; external validation; deep learning; radiol-
ogy; diagnostic accuracy; medical imaging

1. Introduction

The chest radiography (CXR) remains the most common radiological examination globally, serving
as a critical first-line diagnostic tool[1]. However, the high volume of CXRs, coupled with a worldwide
shortage of radiologists, often leads to significant reporting backlogs. This delay is particularly acute
in emergency department (ED) settings, where timely interpretation is crucial for patient management.
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In many such settings, initial CXR readings are performed by general practitioners or ED physicians
who may lack the specialized expertise of a radiologist, potentially leading to diagnostic errors or
delays.

As in many other industries, artificial intelligence (AI) has emerged in healthcare as a promising
approach to address persistent challenges. The advent of deep learning has enabled novel diagnostic
applications, with algorithms achieving levels of accuracy comparable to those of expert clinicians
in disease recognition[2]. One of the earliest and most impactful applications is triage, defined
as the automated prioritization of medical cases[3]. A system capable of reliably differentiating
between normal and abnormal chest radiographs (CXRs) can improve physicians ability to recognize
abnormalities in CXR [4] and has potential to optimize clinical workflows by directing abnormal
or critical studies for immediate evaluation by a radiologist. Furthermore, radiology represents the
medical specialty with the highest number of Al software approvals, highlighting the imperative for
rigorous post-implementation validation of these systems|[5].

This study aims to perform an external validation of TRIA, a commercial Al-powered chest
radiograph triaging system manufactured by NeuralMed (Sao Paulo, Brazil), registered with Brazilian
Health Regulatory Agency (ANVISA) as a Class II medical device (Register 8261971001)[6]. We
retrospectively evaluated its post-implementation performance on Hospital das Clinicas, Faculty
of Medicine, University of Sao Paulo (HCFMUSP) to determine its accuracy in classifying CXRs as
normal versus abnormal, a critical step for validating its clinical utility. This study supports ANVISA
requirements for manufacturers to maintain clinical evaluation and post-market surveillance[7] and it
is funded by Neuralmed. This study was also approved by the institution’s Ethics Committee board.

2. Methods
2.1. Al Algorithm (TRIA)

The algorithm is based on a dual-pronged deep learning approach, consisting of a lung field
segmentation pipeline followed by a pathology classification model. A key design choice of the method-
ology is the prioritization of intrathoracic findings, especially those related to the cardiopulmonary
system, at the expense of musculoskeletal and spinal conditions.

2.1.1. Training Dataset

The models were developed using a large-scale, multi-source dataset of 275,399 anonymized,
unique chest radiographs. The dataset was curated from public and private sources and features a
multi-label annotation schema (Table 1). Part of the dataset originated from private clinical sources
collected under research and commercial agreements in compliance with Brazilian General Data
Protection Law [8].

The public datasets included: the Shenzhen Chest X-ray Set[9]; the Indiana University Chest X-ray
Collection[10]; the JSRT database from the Japanese Society of Radiological Technology[11]; the NIH
ChestX-ray14 dataset[12]; and the PadChest dataset[13]. All public datasets were used in compliance
with their respective open-access agreements.

Before training, the images were proofed by medical radiology specialists using a proprietary
annotation application (Figure 1). The dataset exhibits a significant class imbalance reflective of
real-world pathology prevalence. For training binary classifiers, studies with definitive labels (1.0
for present, 0.0 for absent) were used, while studies with missing labels for a specific finding were
excluded from the loss calculation for that task. Table 2 shows the distribution for a selection of key
labels. The list of pathologies was selected based on the availability of labeled data, balanced with
clinical importance for ED. The 'normal” and “abnormal’ pools included cases with pathologies beyond
the specifically targeted list; these were categorized under the general "yesfinding" class.
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Figure 1. Images were proofed by a radiologist who manually drew a region of interest around the pathology and
assigned a finding, as shown here for an alveolar opacity.

Table 1. Number of Labeled Cases per Data Source.

Source Labeled Cases
NIH 111,783
Padchest 109,167
Private 49 866
Indiana 3783
Shenzhen 662
JSRT 246
Montgomery 138
Total Labeled Cases 275399

Table 2. Distribution of Selected Labels in the Training Dataset.

Pathology Positive Cases Negative Cases Total Labeled
No Finding 125,046 150,266 275,312
Opacity 32,053 240,521 272,574
Cardiomegaly 15,915 255,944 271,859
Mass/Nodule 14,527 258,383 272,910
Effusion 5392 266,535 271,927
Pneumothorax 4521 267,408 271,929
Consolidation 2483 110,920 113,403
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2.1.2. Algorithm Architecture

The first stage employs a U-Net architecture with a MobileNetV2 encoder to generate a unified
thoracic mask. This process uses a "tongue-shaped" mask that creates a single contiguous region
of interest (ROI) encompassing both lungs and the intervening mediastinal and hilar regions. This
approach simplifies binary segmentation and ensures that critical central structures are included in the
analysis. Input images were resized to 512x512 pixels, and the model was trained using a composite
Dice and Binary Focal loss function. Figure 2 shows an example.

Figure 2. A chest radiography (CXR) after first-stage segmentation, showing the tongue-shaped mask.

The second stage uses an InceptionResNetV2 model, pre-trained on ImageNet, for pathology
classification. The model’s top layers were replaced to suit the specific task. A notable trade-off in
development was resizing input images to a low resolution of 75x75 pixels to facilitate rapid training.
The model was trained using class weights to counteract data imbalance.

To provide visual explanations for the pathologies identified, both Grad-CAM heatmaps and
segmentation masks are generated and overlaid on the original CXR images. The Grad-CAM tech-
nique produces class activation maps, highlighting the image regions most influential in the model’s
prediction for a specific pathology. The resulting overlays—which can be a heatmap, bounding
box, or contoured area—identify the most relevant regions, ensuring the system provides clear and
interpretable visual evidence for its predictions (Figure 3).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. A true positive example of pleural effusion. The image shows three types of activation maps produced
for explainability: a heatmap, a contoured line, and a bounding box. The original report also indicated suspected
micronodules, a less significant finding in the overall context.

2.2. Validation Study Design

For validation, a retrospective, cross-sectional study was conducted on a dataset of 1,045
anonymized chest radiographs from HCFMUSP, over the past five years. Eligibility was restricted
to adult CXR studies that included both frontal and lateral images and had an accompanying report
authored by a senior radiologist. To ensure a comprehensive evaluation of the algorithm’s performance
on both normal and abnormal cases, a purposive sampling strategy was employed. The final cohort
was constructed by selecting 568 examinations with reports describing a normal chest and 477 exami-
nations with abnormal findings. The abnormal cases were identified by selecting reports that lacked a

"non

normal description and contained one or more of the following keywords: "pneumonia", "opacity",
"cardiomegaly", "pneumothorax", "effusion", "nodule" or "mass". To create structured, binary labels
for evaluation, these reports were processed using a large language model (LLM) assisted extraction
method[14]. A prompt was crafted to structure the output to match the JSON format of the computer
vision algorithm’s results. To evaluate the normal and abnormal separation, the accuracy of each
pathology classifier and the criticality ensemble were calculated. The radiographs were processed by
the TRIA system that served the institution through its Picture Archiving and Communication System

(PACS) using files in Digital Imaging and Communications in Medicine (DICOM) format.

2.3. Analysis

The evaluation was performed using a multi-step pipeline that began with threshold optimization
for each individual pathology classifier. Receiver operating characteristic curves (ROCC) were gener-
ated, and optimal probability thresholds were selected using Youden'’s ] statistic to balance sensitivity
and specificity.

Following threshold optimization, four ensemble classification strategies were evaluated to
combine the predictions of individual classifiers into a single normal/abnormal decision. The approach
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used in the commercial product is a rule-based method ("Possibility-based"). Other methods included
a threshold-based approach, which flags an exam as abnormal if any pathology prediction exceeds
its optimal threshold, and a weighted sum-based method, which uses a weighted sum of prediction
probabilities, giving higher weight to the general "yesfinding" indicator. In addition, a hierarchical
approach that prioritizes critical findings was also implemented.

The next step involved a comprehensive performance evaluation, where sensitivity, specificity,
positive predictive value (PPV), negative predictive value (NPV), accuracy, F1 score, and area under
the receiver operating characteristic curve (AUROC) were calculated for all models and ensembles.
Exact binomial 95% confidence intervals (CI) were computed for all metrics, while AUROC CI were
estimated via bootstrap resampling to ensure statistical rigor. Finally, an error analysis was performed
by a senior radiologist who inspected the original images, reports, extracted data, and predictions for
all false negatives from the six listed pathologies. Figure 4 depicts performed validation and analysis .
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Figure 4. Study flowchart diagram.
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3. Results
3.1. Individual Classifier Performance

The general "yesfinding" model demonstrated strong performance with an AUROC of 0.911.
For specific pathologies, the models for cardiomegaly, pneumothorax, and effusion showed excellent
discriminative ability, achieving AUROC of 0.968, 0.955, and 0.935, respectively. In contrast, the model
for bacterial pneumonia, while showing high sensitivity (0.829), had a relatively low specificity (0.656),
indicating a high false-positive rate. Detailed performance metrics for each classifier are presented in

Table 3.
Table 3. Performance Metrics of Individual Classifiers on the Test Set.

Pathology Positive Cases Sensitivity (95% CI)  Specificity (95% CI) Accuracy (95% CI) AUROC (95% CI)
Yesfinding 502 0.841 (0.806-0.870) 0.822 (0.789-0.851) 0.831 (0.807-0.852)  0.911 (0.893-0.927)
Cardiomegaly 199 0.960 (0.923-0.979) 0.881 (0.858-0.901) 0.895 (0.876-0.912)  0.968 (0.960-0.977)
Pneumothorax 52 0.904 (0.794-0.958) 0.879 (0.857-0.897) 0.880 (0.859-0.898)  0.955 (0.927-0.980)
Effusion 150 0.840 (0.773-0.890) 0.924 (0.905-0.939) 0.912 (0.894-0.928)  0.935 (0.907-0.959)
Opacity 264 0.848 (0.800-0.887) 0.733 (0.702-0.762) 0.761 (0.735-0.786)  0.865 (0.841-0.888)
Mass 56 0.786 (0.662-0.873) 0.862 (0.840-0.882) 0.858 (0.836-0.878)  0.839 (0.778-0.891)
Bacterial Pneumonia 41 0.829 (0.687-0.915) 0.656 (0.626-0.684) 0.662 (0.634-0.690)  0.775 (0.703-0.835)

Notes: AUROC = area under the receiver operating characteristic curve; CI = Confidence Interval.

3.2. Ensemble Model Performance for Abnormality Detection

To classify exams as normal or abnormal, four distinct ensemble strategies were evaluated.
The weighted sum-based ensemble yielded the most balanced and superior overall performance. It
achieved an accuracy of 0.854 (95% CI: 0.831-0.874), a sensitivity of 0.845 (95% CI: 0.810-0.875), a
specificity of 0.861 (95% CI: 0.830-0.887), and an AUROC of 0.927 (95% CI: 0.911-0.940). This model
provided the best trade-off between sensitivity and specificity. In contrast, the threshold-based and
possibility-based methods achieved higher sensitivity (0.943 and 0.922, respectively) at a significant
cost to specificity (0.609 and 0.685, respectively), resulting in a greater number of false positives. The
comprehensive performance of all four ensemble methods is detailed in Table 4, with ROCC for the
top models shown in Figure 5 and confusion matrices for all methods in Figure 6.

Table 4. Performance Comparison of Four Ensemble Strategies for Abnormality Detection.

Ensemble Method Accuracy (95% CI)  Sensitivity (95% CI)  Specificity (95% CI) PPV (95% CI) NPV (95% CI) F1Score AUROC (95% CI)
Weighted Sum 0.854 (0.831-0.874)  0.845 (0.810-0.875) 0.861 (0.830-0.887)  0.836 (0.800-0.866) 0.869 (0.838-0.894)  0.840  0.927 (0.911-0.940)
Hierarchical 0.830 (0.806-0.851)  0.847 (0.812-0.876) 0.815(0.781-0.845)  0.794 (0.756-0.827)  0.864 (0.832-0.890)  0.819 N/A
Possibility 0.793 (0.768-0.817)  0.922 (0.895-0.943) 0.685 (0.646-0.722)  0.711 (0.674-0.745)  0.913 (0.883-0.936)  0.803 N/A
Threshold 0.762 (0.735-0.787)  0.943 (0.919-0.961) 0.609 (0.568-0.648)  0.670 (0.633-0.704)  0.928 (0.897-0.950) ~ 0.783  0.919 (0.901-0.935)

Notes: PPV = Positive Predictive Value; NPV = Negative Predictive Value.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 5. Comparison of receiver operating characteristic curves for the Threshold-Based and Weighted Sum-
Based ensemble methods.
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Figure 6. Confusion matrices for the four ensemble methods evaluated for abnormality detection.

3.3. Error Analysis

An analysis of the algorithm’s false negatives reveals a nuanced performance profile, where a
specific miss did not always equate to a complete system failure. Across the board, a substantial
number of cases with a false negative for one specific pathology were nevertheless correctly identified
as abnormal by the general "yesfinding" classifier or had other co-occurring true positive pathologies.
For example, out of 38 false negatives for ‘opacity,” the algorithm correctly identified the exam as
abnormal in 25 cases. In many instances of a missed finding, the algorithm successfully detected other
pathologies within the same study. Misclassification was another notable source of error, where an
existing pathology was detected but incorrectly labeled, such as opacities being predicted as masses or
nodules (Figure 7). Radiologist review of these false-negative cases frequently noted findings that were
"subtle," "small," "doubtful,” "seen on lateral image only," or "non-specific." In other cases, the algorithm
correctly identified a more critical finding, like a large pleural effusion, while missing a secondary, less
significant pathology (Figure 3). Figures 10-12 illustrate false negative cases for opacity, pneumothorax,
and nodule, respectively. This highlights the inherent limitations and inevitable failures of this kind of
system.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 7. A true positive for a nodule/mass. In this case, the report indicated an opacity, however it was classified
by the algorithm as a mass.

Figure 9. A true positive for pneumothorax. The algorithm successfully detected pneumothorax without a pleural
tube, indicating it is not overfitted to post-drainage cases.
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Figure 10. A false negative example of a small, missed nodule (black arrow).

D

Figure 11. A false negative example of an alveolar opacity (black arrow).
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Figure 12. A false negative example of a missed loculated pneumothorax. The presence of pulmonary markings
(black arrow) beyond the pleural line (white arrowhead) may have misled the algorithm.

4. Discussion

The intended clinical application for the TRIA system is as a triage tool to prioritize worklists,
a common and valuable use case for radiology Al[3,15]. This study provides a necessary external
validation of the system for this purpose. The evaluation methodology used is a standard approach in
Al validation, as highlighted in systematic reviews and other external evaluations[15-17].

A key methodological strength of the underlying Al model is the tongue-shaped segmenta-
tion mask. By including the mediastinum and hilar regions in the ROI, the model analyzes these
diagnostically critical areas, which are often excluded by traditional lung-only segmentation. This
approach creates a more clinically relevant area for analysis that may improve the detection of central
pathologies.

However, a significant trade-off in the model’s design is the use of a very low input resolution
(75x75 pixels) for classification. While this allows for computational efficiency, it inherently risks
the loss of fine-grained details necessary for detecting subtle pathologies like small nodules or early
interstitial disease. This was reflected in the error analysis, where false negatives were often subtle
cases. The high false-positive rate for conditions like opacity and bacterial pneumonia suggests
the model may be oversensitive to non-specific patterns, highlighting a discrepancy between pure
pattern recognition and a radiologist’s clinical interpretation, which incorporates a higher threshold
for significance.

The set of pathologies chosen to build the tool reflects the importance of critical findings for
emergency physicians unassisted by radiology specialists. The limited number of specific pathologies
favors computational efficiency, while the general normal/abnormal classifier ("yesfinding") provides
a safeguard for unlisted pathologies, as depicted by the ensemble results.
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Our validation dataset, comprising 1,045 curated chest radiographs (CXRs), provides a statistically
robust sample size. This cohort yields 95% confidence intervals with margins of error of approximately
+3—4% for key performance metrics, thereby exceeding typical requirements for medical imaging
validation. Although this enriched sampling ensures that the algorithm is evaluated across a wide
range of conditions, it does not reflect true disease prevalence and contrasts with studies employing
large, consecutive prospective cohorts from routine clinical practice, which provide a more realistic
benchmark of real-world performance[18,19]. Ground truth was established through LLM-assisted
extraction of findings from reports authored by senior radiologists, a pragmatic strategy for large-
scale datasets. A subset of 300 reports was independently reviewed by a radiologist, yielding an
accuracy of 0.9838 (95% CI: 0.9783-0.9883), thereby supporting the reliability of the adopted approach.
Nevertheless, more rigorous standards for ground truth determination exist, such as consensus
interpretation by a panel of expert radiologists or correlation with reference imaging modalities,
including computed tomography [18,20-22].

A comparative analysis reveals a landscape of varied performance among commercial Al solutions.
In this study, the possibility-based ensemble (used in the commercial product) obtained high sensitivity,
while the weighted sum ensemble demonstrated robust and balanced performance for abnormality
stratification, achieving an AUROC of 0.927 with a sensitivity of 84.5% and a specificity of 86.1%. This
balanced profile contrasts with other Al triage tools, such as the one evaluated by Blake et al., which
was optimized for very high sensitivity (99.6%) at the expense of lower specificity (67.4%)[15]. Another
algorithm evaluated in a primary care setting showed excellent specificity (92.0%) but significantly
lower sensitivity (47.0%)[23]. These differences represent fundamental design choices: one prioritizes
minimizing missed findings, accepting more false positives, while the other seeks to balance sensitivity
and specificity to reduce workload more efficiently. The overall AUROC for TRIA is comparable to
high-performing algorithms evaluated in other studies, which often achieve AUROC in the 0.92 to 0.94
range[24,25].

The error analysis of TRIA, which noted that false negatives were often subtle or challenging
cases, is a consistent finding across the field. For instance, Plesner et al. similarly found that the
performance of four different commercial tools declined for smaller-sized findings and on complex
radiographs with multiple pathologies[18]. Our study identifies the model’s very low input resolution
as a potential factor contributing to missing fine-grained details. Despite this, while the model may
misclassify or miss a specific finding, its ability to flag an exam as generally abnormal remains high,
ensuring that complex cases are still prioritized for radiologist review. The variability highlighted in
Table 5 also shows that algorithm performance is highly dependent on the clinical task and validation
setting, suggesting that a single set of metrics may not fully capture an algorithm’s utility.

This study has some limitations. First, this evaluation is retrospective, and performance can
decrease when transitioning from a curated analysis to a prospective implementation[16]. Second, the
validation was conducted at a single center, which may limit generalizability. Finally, the validation
dataset was enriched with significant pathologies and therefore does not reflect the typical prevalence
of findings in a real-world population, which may influence performance metrics.

Future work should include prospective, multi-center validation studies to assess the algorithm'’s
performance in real-time clinical workflows and to measure its impact on downstream outcomes,
such as time-to-diagnosis and workload reduction. Further refinement of the classification model,
particularly by adding more pathologies and exploring higher input resolutions, could enhance its
ability to detect more subtle findings and improve its clinical utility.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 5. Comparative Performance Metrics of Al Algorithms for Chest Radiograph Abnormality Detection.

Study / Algorithm Type AUROC Sens. (%) Spec. (%)
This Study

TRIA (Possibility) R N/A 92.2 68.5

TRIA (Weighted Sum) R 0.927 84.5 86.1
Blake et al. 2023[15]

gXR R N/A 99.6 67.4
Vasilev et al. 2023[16]

Lunit INSIGHT R 0.940 90.0 89.0

Lunit INSIGHT P 0.840 77.0 81.0
Catalina et al. 2024[23]

ChestEye P N/A 47.0 92.0
Arzamasov et al. 2024[25]

System 1 (gXR) R 0.921 N/A N/A

System 2 (Lunit INSIGHT) R 0.932 N/A N/A
de Camargo et al. 2025[21]

Algorithm (LAM) R 0.938 36.3 99.5
Qin et al. 2019[24]

Lunit INSIGHT R 0.940 95.0f 80.0"

gXR R 0.940 95.0" 72.0°

Notes: N/A = Not Available or not reported as a primary endpoint; R = Retrospective; P = Prospective; LAM =
Lung Abnormality Model. tMetrics from Qin et al. represent the operating point required to achieve a sensitivity
of at least 95%.

5. Conclusion

This independent retrospective validation demonstrates that the TRIA Al algorithm achieves
robust and accurate performance in discriminating between normal and abnormal chest radiographs.
The actual commercial version has excellent sensitivity and provides confidence for clinical implemen-
tation as a reliable tool for triaging CXRs. The strong and balanced performance of weighted sum
ensemble strategy provides a viable alternative when more specificity is warranted. The tool could
help manage reporting backlogs, prioritize urgent cases for radiologist review, and potentially support
earlier patient intervention. This study provides a foundation for future prospective and comparative
research to further evaluate the algorithm’s clinical utility.
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