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Abstract 

Pneumonia remains a leading cause of in-hospital mortality worldwide. Current 

prognostic tools such as the IDSA/ATS severity score have meaningful limitations, 

particularly in capturing dynamic disease progression or integrating heterogeneous 

biological signals. Artificial intelligence (AI) offers the opportunity to derive comple-

mentary prognostic information from routinely collected electronic health record data. 

This exploratory, proof-of-concept retrospective study enrolled adults (≥18 years) 

admitted with a primary diagnosis of acute pneumonia at Hospital Alma Máter de 

Antioquia (Medellín, Colombia) between January 1 and June 30, 2024. After applying 

pre-defined exclusion criteria, 121 patients (19 non-survivors, 15.7%) comprised the 

final analytic cohort. Three independent AI modules were applied: (i) a ResNet-18 

deep learning model quantified lung consolidation from chest radiographs (CXRs) 

using Class Activation Mapping; (ii) a Spanish regular-expression natural language 

processing (NLP) pipeline extracted modified IDSA/ATS severity scores from clinical 

notes; and (iii) NeuroKit2-based quantitative heart rate variability (HRV) analysis pro-

cessed electrocardiogram (ECG) signals digitised from PDF archives. Bivariate asso-

ciations with all-cause in-hospital mortality were examined using logistic regression. 

Several features exhibited statistically significant associations with mortality under 

conventional thresholds: AI-quantified total lung compromise ratio (OR 8.32, 95% CI 
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1.23–56.29), NLP-derived IDSA/ATS severity score (OR 1.78, 95% CI 1.09–2.88), 

and a coherent ECG/HRV profile characterised by higher heart rate (120.1 vs. 84.4 

bpm, p = 0.023), reduced RMSSD (4.1 vs. 23.5 ms, p = 0.041), reduced Poincaré 

SD1 (3.0 vs. 17.6 ms, p = 0.041), and T-wave amplitude reductions surviving FDR 

correction in multiple leads. Given the small sample size and low event count (n = 19; 

events-per-variable ≈ 4), all associations are preliminary and hypothesis-generating 

only. These proof-of-concept findings suggest that integrated multimodal AI biomark-

ers automatically derived from low-resource clinical data can capture a cardiopulmo-

nary stress profile associated with pneumonia mortality, and support the design of 

larger prospective validation studies.

Author summary

In our study, we explored whether artificial intelligence tools applied to routinely 
collected hospital data could help identify patients with pneumonia who are at 
higher risk of dying during their hospital stay. Current severity scores used for 
pneumonia have important limitations: they rely on a fixed set of variables and 
do not capture the dynamic, multisystem nature of the disease. We analysed 
data from 121 adults admitted with pneumonia to a tertiary hospital in Medellín, 
Colombia. We used three independent AI modules to automatically extract infor-
mation from chest radiographs, clinical notes, and electrocardiograms. Several 
AI-derived features—including lung compromise on imaging, disease severity 
from clinical notes, and heart rate variability from electrocardiograms—showed 
statistically significant associations with in-hospital mortality in exploratory 
bivariate analyses. Because our study was small and exploratory, these findings 
should be considered hypothesis-generating rather than definitive. Nevertheless, 
they suggest that multimodal AI biomarkers extracted from low-resource clinical 
data can capture a cardiopulmonary stress profile associated with pneumonia 
mortality, supporting the design of larger, prospective validation studies.

Introduction

Pneumonia remains a leading cause of global morbidity and mortality, particularly 
impacting vulnerable groups such as the elderly and immunocompromised [1,2]. High 
mortality rates persist despite therapeutic advances, especially among hospitalised 
patients and those requiring intensive care unit (ICU) admission [2–4]. This under-
scores the critical need for accurate prognostic tools in acute care settings to guide 
essential clinical decisions, including triage, resource allocation, treatment intensity, 
and goals-of-care discussions [5,6]. Effective risk stratification upon presentation can 
significantly influence patient outcomes [7].

Established prognostic tools like the Pneumonia Severity Index (PSI) and the 
CURB-65 score are widely used to predict 30-day mortality but possess notable 
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limitations. The PSI, while comprehensive, is complex and cumbersome for rapid assessment; the simpler CURB-65 may 
oversimplify risk and perform suboptimally in specific populations (e.g., immunocompromised) or for predicting outcomes 
beyond short-term mortality. Crucially, both scores were primarily validated for mortality risk and often fall short in accu-
rately predicting the need for ICU-level interventions [6]. Their reliance on a limited set of static variables measured at 
admission restricts their ability to capture the dynamic pathophysiology of severe pneumonia [8].

Artificial intelligence (AI) and machine learning (ML) offer promising alternatives, demonstrating the capacity to analyse 
complex, high-dimensional electronic health record (EHR) datasets and identify intricate prognostic patterns missed by 
traditional methods [7]. AI/ML models have shown superior performance in predicting mortality and other adverse out-
comes in critical illnesses like ARDS [9] compared to conventional scores. A key advantage is their ability to integrate mul-
timodal data—fusing information from diverse sources such as medical imaging, clinical text, and physiological signals—to 
create a more holistic patient assessment [10].

This study focuses on leveraging AI to integrate digital biomarkers from three key modalities:

•	 AI-analysed chest imaging: Automated analysis of chest radiographs (CXRs) provides objective quantification of lung 
injury (e.g., lung compromise ratios), which correlates strongly with pneumonia severity and mortality [11,12].

•	 Natural language processing (NLP) of clinical text: NLP techniques can extract critical prognostic information—
such as high-risk diagnoses or documented severity assessments (IDSA/ATS criteria)—from unstructured clinical 
notes [13,14].

•	 Quantitative electrocardiogram (ECG) analysis: Beyond qualitative interpretation, quantitative ECG features and 
HRV metrics reflect cardiac stress and autonomic function, providing prognostic insights not captured by standard 
scores [15–17].

Recent AI studies have explored individual modalities for pneumonia prognosis. Deep learning models for CXR analy-
sis have achieved radiologist-level performance in detecting pulmonary opacities [18], and multimodal architectures have 
proposed late fusion of imaging and clinical features for severity classification [10]. ECG digitisation from paper archives 
has gained attention as a cost-effective method for retrospective signal analysis in settings where native digital recordings 
are unavailable [19], while NLP extraction of clinical criteria from electronic health records has primarily been developed 
for English-language text; Spanish-language clinical NLP pipelines remain largely unexplored [20]. Although these individ-
ual components have been studied separately, no prior work has combined AI-derived CXR, ECG, and NLP biomarkers 
within a single integrated pipeline for pneumonia mortality assessment, particularly in a low- and middle-income country 
(LMIC) Latin American setting.

This study is, to our knowledge, the first to integrate automatic CXR consolidation quantification, Spanish-language 
NLP-based clinical severity scoring, and quantitative ECG analysis from digitised paper archives within a unified AI-driven 
pipeline applied to the same pneumonia cohort. This exploratory, proof-of-concept study therefore aimed to examine asso-
ciations between novel AI-derived multimodal digital biomarkers and in-hospital mortality among adult pneumonia patients 
in acute and critical care, using clinical data formats widely available in resource-limited hospitals (CXR images, unstruc-
tured Spanish clinical notes, and paper-based ECGs digitised from PDF archives).

Results

Cohort characteristics

The study cohort comprised 121 patients, of whom 19 (15.7%) were non-survivors and 102 (84.3%) were survivors (Fig 1).  
The overall median age was 66.0 years [IQR 56.0–81.0], with no significant difference observed between non- 
survivors (median 66.0 years) and survivors (median 66.0 years, p = 0.789). Females constituted 42.1% of the cohort 
(36.8% of non-survivors vs. 43.1% of survivors, p = 0.797). Sex-specific mortality rates were 13.7% (7/51) for females and 
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Fig 1.  Participant flow diagram. Patients admitted January 1 to June 30, 2024 with ICD-10 pneumonia codes were screened (n = 184). After exclusions 
(age < 18 years, n = 42; poor-quality chest radiograph, n = 21), 121 patients comprised the final analytic cohort. All 121 patients underwent NLP-based 
IDSA/ATS severity scoring and AI-based CXR lung consolidation quantification. A subset of 27 patients with available digitised paper-based ECGs 
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17.1% (12/70) for males (p = 0.797). Age-stratified mortality rates were 12.3% (8/65) for patients ≤65 years and 19.6% 
(11/56) for patients >65 years (p = 0.354). The median length of hospital stay was 11.0 days [IQR 7.0–21.0] overall, show-
ing no significant difference between groups (12.0 days for non-survivors vs. 11.0 days for survivors, p = 0.817). Among 
non-survivors, the median time from admission to death was 12.0 days [IQR 5.0–21.5]. Bacterial pneumonia was the most 
frequent primary diagnosis (40.5% overall; 47.4% in non-survivors, 39.2% in survivors). No statistically significant differ-
ences were identified in the distribution of primary diagnoses, number of antibiotics used (6.0 vs. 4.0, p = 0.102), or duration 
of antibiotic treatment (6.1 vs. 6.0 days, p = 0.292) between groups (Table 1).

NLP and CXR AI-derived multimodal biomarkers

Analysis using NLP and CXR AI-derived variables identified several factors significantly associated with mortality (Fig 2). A 
principal diagnosis of pneumonia due to Klebsiella pneumoniae showed the strongest association with increased mortal-
ity (odds ratio [OR] 18.94, 95% confidence interval [CI] 1.85–193.44). Higher total lung compromise ratio (per standard 
deviation [SD] increase) was also significantly associated with increased mortality (OR 8.32, 95% CI 1.23–56.29). A higher 
IDSA/ATS severity score derived via NLP (per SD increase) was associated with increased mortality risk (OR 1.78, 95% 
CI 1.09–2.88), and the AI classification confidence score was likewise significant (OR 1.69, 95% CI 1.02–2.79). A gen-
eral diagnosis of pneumonia showed a trend toward significance (OR 3.62, 95% CI 0.94–13.87, p = 0.070). Other factors, 
including individual bilateral lung compromise ratios (right: OR 1.36, p = 0.23; left: OR 0.84, p = 0.50), NLP-extracted age, 
sex, and other principal diagnoses, did not reach statistical significance.

Table 1.  Clinical characteristics of patients included in the study cohort (n = 121).

Variable Missing Overall (n = 121) Non-survivor (n = 19) Survivor (n = 102) p-value

Age (years), median [Q1, Q3] 0 66.0 [56.0, 81.0] 66.0 [56.0, 79.5] 66.0 [56.0, 79.8] 0.789

Sex, female, n (%) 0 51 (42.1) 7 (36.8) 44 (43.1) 0.797

Length of stay (days), median [Q1, Q3] 0 11.0 [7.0, 21.0] 12.0 [5.0, 21.5] 11.0 [7.2, 21.0] 0.817

Primary diagnosis, n (%)

Bacterial pneumonia 49 (40.5) 9 (47.4) 40 (39.2) 0.615

Viral pneumonia (influenza) 14 (11.6) 2 (10.5) 12 (11.8)

Diabetes mellitus 8 (6.6) 1 (5.3) 7 (6.9)

Pleural disease 5 (4.1) 2 (10.5) 3 (2.9)

Oncological 4 (3.3) 0 4 (3.9)

Other diagnoses 41 (33.9) 5 (26.3) 36 (35.3)

Number of antibiotics used, median [Q1, Q3] 0 4.0 [2.0, 7.0] 6.0 [3.5, 7.5] 4.0 [2.0, 7.0] 0.102

Mean antibiotic duration (days), median [Q1, Q3] 4 6.0 [5.0, 7.0] 6.1 [5.9, 6.9] 6.0 [5.0, 7.0] 0.292

Discharge status (death), n (%) 19 (15.7) 19 (100.0) 0 (0.0) <0.001

Q1: first quartile; Q3: third quartile. p-values: Mann-Whitney U test for continuous variables; Chi-squared or Fisher exact test for categorical variables. 
“Other diagnoses” category aggregates all primary diagnoses each occurring in ≤3 patients (fractures, lithiasis, other infections, urinary tract infection, 
peptic ulcer, aspiration pneumonia, arrhythmias, heart failure, cerebrovascular disease, chronic obstructive pulmonary disease (COPD), lung abscess, 
ischaemic heart disease, and others).

https://doi.org/10.1371/journal.pdig.0000960.t001

underwent beat-by-beat ECG/HRV analysis (survivor beats n = 326; non-survivor beats n = 57; after tachycardia-overlap correction and multi-lead quality 
filtering); none were excluded for atrial fibrillation or paced rhythm. All three modalities contributed to the mortality correlation analysis. ICD-10: Interna-
tional Classification of Diseases, 10th revision; CXR: chest anteroposterior radiograph; ECG: electrocardiogram; NLP: natural language processing; AI: 
artificial intelligence; HRV: heart rate variability.

https://doi.org/10.1371/journal.pdig.0000960.g001
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ECG quantitative biomarkers

The analysis of ECG features revealed further associations with mortality (Figs 3, 4, 5). A linear mixed model (LMM) with 
beats nested within patients assessed 17 morphological features simultaneously. The strongest fixed effects were shorter 
preceding and following RR intervals in non-survivors (RR

prev
: β  = -1.34, p

raw
 = 0.008; RR

next
: β  = -1.33, p

raw
 = 0.008), 

consistent with tachycardia. All other morphological features (T-wave, ST-segment, QRS, P-wave amplitudes) showed 
non-significant β -coefficients (p

raw
>0.4) in the multivariable model.

In a secondary analysis applying Benjamini-Hochberg false discovery rate (BH-FDR) correction to the ECG beat-level 
linear mixed model (17 features, 383 beats nested in 27 patients), no feature survived correction at q<0.05. The strongest 
signals were RR-interval features (RR

prev
: β  = -1.34, p

raw
 = 0.008, q = 0.068; RR

next
: β  = -1.33, p

raw
 = 0.008, q = 0.068); all other 

ECG waveform amplitude features had q>0.90. These null FDR-corrected results are consistent with the small exploratory 
cohort and reinforce that the bivariate associations reported above should be considered hypothesis-generating.

A complementary patient-level analysis of ultra-short (10-second) HRV metrics from the standardised lead II segment 
(n = 27 patients) revealed clinically coherent group differences (S6 Fig). Non-survivors exhibited higher median heart rate 
(120.1 vs. 84.4 bpm, p = 0.023, r = -0.83) and lower short-term variability: RMSSD (4.1 vs. 23.5 ms, p = 0.041, r = 0.75) and 

Fig 2.  Forest plot of mortality association with NLP-extracted and AI-quantified CXR features. Odds ratios (ORs) with 95% confidence intervals 
(CIs) from separate simple logistic regression models. Continuous variables are expressed per standard deviation increase. Reference category for 
binary variables is absent/no diagnosis.

https://doi.org/10.1371/journal.pdig.0000960.g002
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Poincaré SD1 (3.0 vs. 17.6 ms, p = 0.041, r = 0.75). SD2 and SDNN showed non-significant trends in the same direction 
(p = 0.083). These HRV findings are consistent with reports of reduced parasympathetic modulation in critically ill sepsis 
patients, where RMSSD and SD1 are depressed relative to survivors [15,16,21].

Lead-by-lead Wilcoxon comparisons across 13 leads further localised the repolarisation signal (S7 Fig): T-wave ampli-
tude was significantly lower in non-survivors in leads II (q = 0.036, r = -0.51), III (q = 0.036, r = -0.50), and V5 (q = 0.036, 
r = -0.54); ST-segment level was also lower in the long lead II strip (q<0.001, r = -0.42). All four associations survived 
BH-FDR correction at q<0.05 (39 comparisons).

The average heartbeat waveforms for each group show broad visual similarity across the P wave, QRS complex, ST 
segment, and T wave (Fig 4). However, quantitative analysis revealed significant differences. Heartbeats from non-survivors 
exhibited significantly lower median ST-segment values (median -0.053 [IQR -0.078 to -0.042] mV) compared with survivors 
(median -0.034 [IQR -0.058 to -0.015] mV, p<0.001), whereas R-wave amplitudes did not differ significantly between groups 
(0.337 [0.301–0.354] mV vs. 0.295 [0.181–0.446] mV, p = 0.271). Full beat-level feature descriptives are provided in S8 Table.

NLP agreement analysis

The agreement analysis of IDSA/ATS criteria, assessed by two independent internists (inter-human κ = 0.408; 95% CI: 
0.223–0.592) and the AI models (NLP-V1 vs. human κ = 0.510; 95% CI: 0.336–0.684; NLP-V2 vs. human κ = 0.455; 95% 
CI: 0.275–0.635), revealed varying levels of consensus across criteria (Fig 6, Table 2).

Fig 3.  Forest plot of ECG feature β-coefficients from the linear mixed model. Standardised β -coefficients with 95% confidence intervals from a 
linear mixed model (mortality as fixed effect, patient as random intercept; 383 beats nested in 27 patients). Features are ordered by effect size. All ampli-
tudes in millivolts (mV); RR intervals in milliseconds. BH-FDR correction applied across 17 features; no feature survived at q<0.05 (strongest: RR

prev
 

q = 0.068).

https://doi.org/10.1371/journal.pdig.0000960.g003
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AI models showed mixed performance. For PaO
2
/FiO

2
, multilobar opacities, and uremia, both model versions yielded 

low agreement (51–69%) with 24–28 false negatives, identifying these as targets for pipeline refinement. Hypotension 
and leukopenia criteria showed the highest AI agreement (≥90%). Across all criteria, no false positives were recorded, 
consistent with the conservative regex design in which an absent keyword cannot generate a false positive activation. 
Per-criterion confusion matrices are shown in S1 Fig; overall agreement statistics in S2 Table; and per-criterion detection 
rates in S3 Table.

The accumulated false negatives across criteria shifted the NLP-derived IDSA/ATS severity scores downward relative 
to the human-assigned reference. Comparison of score distributions (S4 Table) indicated that approximately 15–20% of 
patients were reclassified to a lower risk stratum when relying on NLP labels alone. Despite this attenuation, the NLP- 
derived severity score retained a statistically significant association with mortality (OR 1.78), suggesting that even a con-
servatively biased NLP signal contributes prognostic information.

Discussion

This exploratory study demonstrated the feasibility of automatically deriving candidate mortality biomarkers from multi-
modal clinical data (CXR, NLP of Spanish clinical notes, digitised paper ECGs) routinely collected at a tertiary LMIC hospi-
tal. The associations identified are consistent with established physiological knowledge and support further investigation.

Fig 4.  Detailed beat-by-beat analysis by outcome. Average heartbeat waveforms for survivors (n = 326 beats) and non-survivors (n = 57 beats) over-
laid with ±1 standard deviation. Absolute difference between group means shown in lower panel.

https://doi.org/10.1371/journal.pdig.0000960.g004
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The identification of Klebsiella pneumoniae infection via NLP as the strongest predictor of mortality (OR 18.94) aligns 
with extensive evidence documenting its association with severe outcomes in critically ill patients [22]. Reported mortality 
rates for K. pneumoniae bacteraemia are substantial (29% at 30 days), with odds ratios for death ranging from 3 to 5 for 
carbapenem-resistant strains [23]. The magnitude of the point estimate in this study is notably high and accompanied by 
a very wide confidence interval (95% CI 1.85–193.44), a direct consequence of small sample size and low event count 
(n = 19) [24].

The finding that higher total lung compromise ratio predicted increased mortality (OR 8.32 per SD; 95% CI 1.23–56.29) 
is consistent with numerous studies demonstrating that radiographic lung involvement correlates with pneumonia sever-
ity and adverse outcomes [25]. AI-driven quantification offers a potential advantage of objectivity and reproducibility over 
manual scoring [26]. Similar to the Klebsiella finding, the wide confidence interval reflects the statistical uncertainty inher-
ent in the small sample.

The association between a higher NLP-derived IDSA/ATS severity score and increased mortality (OR 1.78 per SD; 
95% CI 1.09–2.88) validates the utility of the NLP component. The IDSA/ATS criteria are well-established tools for risk 

Fig 5.  Pointwise permutation test of beat-template amplitude differences by mortality outcome. Observed mean difference (Dead - Alive) at each 
time sample from -200 to +340 ms relative to R-peak, with patient-label permutation p-values (N = 1,000 permutations; FDR-adjusted).

https://doi.org/10.1371/journal.pdig.0000960.g005
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stratification in community-acquired pneumonia (CAP), with reported AUC 0.88 for mortality prediction; modified versions 
have shown even higher accuracy (AUC 0.925) [27,28].

Neither the individual bilateral lung compromise ratios (right: OR 1.36, p = 0.23; left: OR 0.84, p = 0.50) reached statis-
tical significance, whereas the total compromise ratio aggregating both lungs did (OR 8.32). This suggests that overall 
parenchymal involvement, rather than lateralised consolidation, drives the mortality association. The bilateral segmen-
tation avoids the quadrant-level artefacts inherent in finer-grained subdivisions that overlap with the cardiac silhouette 
in standard anteroposterior CXRs [29–31]. External validation with larger cohorts remains necessary before biological 
interpretation is drawn [32].

In the beat-level LMM, only RR-interval features approached significance (q = 0.068), consistent with tachycardia as 
a marker of physiological stress in acute illness [33]. However, the complementary lead-by-lead analysis confirmed that 

Fig 6.  Agreement analysis of IDSA/ATS criteria by human experts and AI models (V1 and V2). NLP-V1 = dictionary-only regular expressions; NLP-
V2 = dictionary plus context-window rules. FP = false positives; FN = false negatives. κ: Cohen’s kappa coefficient. Per-criterion confusion matrices are 
shown in S1 Fig; agreement statistics in S2 Table.

https://doi.org/10.1371/journal.pdig.0000960.g006

Table 2.  Agreement analysis of IDSA/ATS criteria by human experts and AI models (NLP-V1 and V2). Human agreement reflects proportion 
of cases where two independent internists reached the same scoring decision. AI agreement measured against human consensus. All False 
Positives = 0 across all criteria (conservative regex design: keyword absence ⇒ FN, keyword match ⇒ no FP possible).

Criterion Human Agmt (%) Human Disagree (n/N) AI-V1 Agmt (%) AI-V2 Agmt (%) AI FP (n) AI FN (n)

Invasive ventilation 87.2 12/94 73.4 81.9 0 15

Septic shock 80.9 18/94 89.4 89.4 0 1

Tachypnea 77.7 21/94 76.6 96.8 0 2

PaO
2
/FiO

2
61.7 36/94 55.3 55.3 0 24

Multilobar opacities 76.6 22/94 69.1 54.3 0 25

Confusion 67.0 31/94 72.3 79.8 0 7

Uremia 76.6 22/94 66.0 51.1 0 28

Leukopenia 91.5 8/94 97.9 91.5 0 1

Hypotension 91.5 8/94 98.9 90.4 0 1

Agmt: agreement; FP: false positives; FN: false negatives; NLP: natural language processing; IDSA/ATS: Infectious Diseases Society of America / Amer-
ican Thoracic Society. N = 94 for all criteria (subset of cohort with double human annotation).

https://doi.org/10.1371/journal.pdig.0000960.t002
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T-wave amplitude was significantly reduced in non-survivors across leads II, III, and V5 (all q<0.04), consistent with 
literature linking T-wave flattening to adverse outcomes [34]; and ST-segment level was depressed in the continuous lead 
II strip (q<0.001), consistent with ST depression predicting worse outcomes in critically ill patients [35]. Collectively, the 
convergence of tachycardia (LMM and HRV), depressed short-term parasympathetic modulation (RMSSD, SD1), and 
spatially corroborated repolarisation abnormalities (T-wave and ST-segment across multiple leads) suggests the pipeline 
captures a coherent cardiopulmonary stress signature consistent with the severe systemic impact of critical pneumonia.

The ultra-short HRV analysis yielded results directionally consistent with prior sepsis cohorts. Junior et al. reported 
higher heart rates (120±19 vs. 97±13 bpm, P = 0.005) and reduced RMSSD (7.5±4.7 vs. 14.6±7.6 ms) and SD1 (5.1±2.9 
vs. 9.5±5.7 ms, P = 0.02) in ICU sepsis non-survivors (n = 60) [21]; our findings mirror this pattern with comparable effect 
sizes (HR: 120.1 vs. 84.4 bpm, p = 0.023; RMSSD: 4.1 vs. 23.5 ms, p = 0.041; SD1: 3.0 vs. 17.6 ms, p = 0.041). A system-
atic review of HRV as a predictor of sepsis mortality found pooled evidence for reduced time-domain indices in non- 
survivors, although heterogeneity was high [15]; our observations align with the predominant direction of effect.  
Papaioannou et al. further established the association between reduced HRV and elevated inflammatory markers in septic 
ICU patients [36], providing a plausible pathophysiological link for the present findings.

The reliability of HRV metrics derived from ultra-short 10-second ECG recordings warrants discussion. Nussinovitch 
et al. demonstrated that RMSSD from 10-second segments showed excellent agreement with 5-minute recordings (ICC 
≈ 0.91) in healthy volunteers [37] and in patients with diabetes mellitus [38], supporting its use as a time-efficient index 
of parasympathetic activity. However, SDNN showed insufficient reliability from 10-second windows [39], consistent with 
our finding that SDNN did not reach significance (p = 0.083), and suggesting that time-domain metrics other than RMSSD 
should be interpreted with caution in ultra-short recordings. The multi-lead analysis confirming T-wave amplitude reduc-
tions in leads II, III, and V5, together with ST-segment depression in the continuous lead II strip (S7 Fig), provides spatial 
corroboration of the repolarisation abnormalities identified in the average beat-template analysis.

Methodological considerations

Architectural and explainability choices. The choice of ResNet-18 as the CXR backbone was driven by the resource- 
constrained deployment target: its ∼11.7 million parameters enable inference on a single CPU in ∼200 ms per image, 
making it feasible for LMIC hospitals without GPU infrastructure. This architecture shares the same family as CheXNet 
[18], an established benchmark for CXR classification [40]. More recent architectures such as Vision Transformers [41] 
may offer performance improvements but require significantly larger labelled datasets and computational budgets. Future 
work should benchmark ResNet-18 against these alternatives on CXR severity tasks.

CAM was selected as the saliency method because of its compatibility with the global average pooling layer of  
ResNet-18 and its computational simplicity (single forward pass). Alternative methods—Grad-CAM [42], Grad-CAM++ 
[43], SHAP [44], and LIME [45]—offer finer-grained or model-agnostic explanations but at higher computational cost. A 
systematic comparison of saliency methods applied to CXR consolidation quantification is warranted.

Computational requirements. The full multimodal pipeline processes a single patient record (one CXR, one ECG PDF, 
and associated clinical notes) in approximately 5–10 seconds on a standard quad-core CPU (Intel Core i5, 16 GB RAM) 
without GPU acceleration. The CXR module accounts for the majority of processing time (∼3–5 s for CLAHE preprocess-
ing, lung segmentation, classification, and CAM generation); the NLP regex module runs in <0.5 s; and ECG digitisation 
with HRV analysis requires ∼1–3 s. Integration into Electronic Health Record (EHR) systems would require a REST API 
wrapper around the processing pipeline, real-time triggering upon document upload, and appropriate clinical decision 
support display interfaces.

CURB-65 and PSI benchmarks. This study used the IDSA/ATS severity criteria as the clinical benchmark for NLP 
extraction rather than CURB-65 or PSI scores, because several variables required for CURB-65 (blood urea nitro-
gen, respiratory rate, systolic blood pressure) and PSI (arterial pH, pleural effusion, nursing home residence) were not 
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systematically documented in the unstructured clinical notes of this retrospective cohort [46]. Future prospective studies 
should include structured capture of CURB-65/PSI components to enable direct score comparisons.

False negative impact on severity scoring. The conservative regex NLP design (zero false positives, non-zero false 
negatives) inevitably underestimates some patients’ IDSA/ATS scores. Analysis of the score distributions under NLP- 
extracted vs. human-assigned labels (S4 Table) indicated that approximately 15–20% of patients were reclassified to a 
lower risk stratum when relying on NLP labels alone. This underestimation does not invalidate the mortality association 
(which was statistically significant despite the attenuation) but suggests that NLP refinement, particularly for PaO

2
/FiO

2
 

and multilobar opacities criteria, could strengthen the signal.
Cross-domain perspective. The pipeline of digitising analogue physiological recordings, extracting quantitative features, 

and associating them with clinical outcomes can benefit from advances in other fields. A recent comprehensive survey of 
ECG analysis using transformer-based architectures [47] highlights the potential for self-supervised pre-training on large 
unlabelled ECG corpora—an approach particularly relevant for LMIC settings where labelled data is scarce. Future itera-
tions of the ECG module should evaluate these architectures.

Time-to-event considerations. The primary analysis used logistic regression to model binary in-hospital mortality rather 
than time-to-event methods. A Cox proportional hazards sensitivity analysis was not performed because: (a) only 19 
events occurred, yielding insufficient power for a semi-parametric survival model with multiple covariates; (b) the compet-
ing risk of hospital discharge was not formally modelled; and (c) exact dates of death within the hospitalisation were avail-
able for only a subset of non-survivors. The median time from admission to death among non-survivors (12.0 days [IQR 
5.0–21.5]) was similar to the median length of stay for survivors (11.0 days [IQR 7.2–21.0]), suggesting that mortality was 
not concentrated in the early or late phase of hospitalisation. Future prospective studies with larger cohorts should employ 
Cox regression and competing-risk models to capture the temporal dynamics of mortality risk.

Limitations and strengths

Strengths of this work include its novel multimodal approach, use of AI modules applicable to data formats common in 
LMIC settings, focus on a critical clinical outcome, and application of all three modules to the same cohort for joint associ-
ation analysis.

Major limitations include: (i) single-centre retrospective design with small sample size (n = 121) and low event count 
(n = 19; events-per-variable ≈ 4 for a 5-predictor model), increasing risks of overfitting and statistical instability; (ii) absence 
of multiple-testing correction for the primary bivariate analysis; when BH-FDR correction was applied to the ECG beat-
level linear mixed model, no feature survived at q<0.05 (strongest: RR-interval q = 0.068), although complementary HRV 
and lead-by-lead analyses identified significant group differences (S6 Fig and S7 Fig), underscoring that most individual 
associations should be interpreted cautiously; (iii) reliance on retrospective EHR data, introducing potential quality issues 
from missing data and documentation variability; (iv) ECG signals were digitised from PDF archives—native machine- 
output digital ECG recordings (XML or SCP-ECG format) were not available for any patient in this retrospective cohort, 
as all ECGs were archived as printed paper reports, precluding a formal Bland-Altman validation against machine output, 
a limitation common to retrospective LMIC studies [48]; (v) no sensitivity analysis stratifying results by CXR projection 
type (PA vs. AP/portable) was performed, and saliency robustness (e.g., Grad-CAM++ comparison) was not evaluated; 
(vi) the regex-based NLP pipeline has inherent limitations compared with deep NLP models: it cannot resolve abbrevia-
tion ambiguity (e.g., “SOB”—shortness of breath vs. sobbing), negation contexts (e.g., “no evidence of consolidation”), 
or cultural and institutional variation in medical Spanish terminology across Latin American countries [20,49]. Regex was 
chosen over machine learning NLP (TF-IDF, word embeddings, or transformer-based approaches) because the small 
corpus size (94 annotated notes) was insufficient for supervised training, and the domain-specific terminology favoured a 
knowledge-driven approach; (vii) the study was conducted at a single centre during a six-month window (January–June 
2024) and enrolled a demographically constrained population (median age 66 years, single Colombian city), limiting both 
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temporal and geographic generalisability; and (viii) although sex was recorded as a binary variable (male/female) and 
included in the analysis, no formal sex/gender audit per SAGER guidelines [50] was performed, and sex-stratified or 
age-stratified mortality sub-analyses were not conducted due to the small sample size.

Future research must prioritise rigorous external validation across diverse populations to assess generalisability and 
fairness. Specifically, a multicentre prospective study enrolling ≥500 patients across at least three hospitals (ideally 
spanning different Latin American countries) is needed to provide adequate statistical power (EPV ≥ 10) and assess 
geographic generalisability. Prospective blinded randomised clinical trials are necessary to evaluate real-world impact on 
clinical decision-making and patient outcomes. The pipeline should be benchmarked against established scoring systems 
(CURB-65, PSI) in structured data, and the CXR module should be compared with modern architectures (Vision Trans-
formers, attention-based models) using larger training datasets. Sex-stratified and age-stratified sub-analyses should be 
included to evaluate fairness and equity. Finally, upgrading the NLP module from regex to a Spanish-language clinical 
language model (e.g., fine-tuned transformer) could substantially reduce false negatives and improve severity score 
accuracy.

Conclusion

Given the persistent challenge of high pneumonia mortality and the limitations of current prognostic tools, this exploratory 
proof-of-concept study demonstrated the feasibility of integrating AI to derive candidate mortality biomarkers from multi-
modal data—chest radiographs, clinical text, and electrocardiograms—as routinely collected in a resource-limited LMIC 
hospital. Associations were identified between in-hospital mortality and AI-quantified total lung compromise, NLP-derived 
IDSA/ATS severity score, and a coherent profile of quantitative ECG/HRV alterations reflecting cardiopulmonary stress. 
While these multimodal AI results must be interpreted as preliminary and hypothesis-generating, they provide proof-of-
concept evidence and compelling hypotheses for larger validation studies and blinded randomised clinical trials, in the 
continuing fight against pneumonia, the “Captain of the Men of Death” [51].

Materials and methods

Ethics statement

The study was approved by the Comité de Ética at Hospital Alma Máter de Antioquia, Medellín, Colombia (approval num-
ber IN82–2021). The study used retrospective clinical data collected as part of routine care; the ethics committee granted 
a waiver of informed consent consistent with national regulations for retrospective observational research. The study 
followed the STROBE checklist for observational studies (S1 Appendix).

Data sources and model characteristics

This study utilised existing data originally collected for clinical care, which were subsequently repurposed for model devel-
opment and validation. Importantly, the three modalities followed distinct analytical paradigms: the CXR module employed 
deep learning (ResNet-18 pre-training and fine-tuning for classification and CAM-based quantification), whereas the ECG 
and NLP modules used traditional feature extraction (signal processing with NeuroKit2 and regular-expression pattern 
matching, respectively) to derive quantitative features for downstream statistical analysis. For initial training of the CXR 
AI model, several publicly available, anonymised datasets were used: CheXNet [18], Chest X-ray Images [52], Mont-
gomery County chest X-ray set (NIH, 2014) [53], Shenzhen chest X-ray set [54], RSNA Pneumonia Detection Challenge 
[55], ChestX-ray14 [55], the Open Source COVIDx dataset, and Chest Xray Pneumonia [52]. No synthetic data were 
generated.

CXR images (n = 395) from Clínica CES (a tertiary hospital in Medellín, January–December 2020) were used for 
fine-tuning. Images were included if they met the following quality criteria: anteroposterior (AP) or posteroanterior (PA) 
projection, absence of significant rotation or truncation precluding bilateral lung visualisation, and sufficient contrast for 
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digital analysis (assessed visually). No minimum pixel resolution was imposed; all clinical DICOM images met adequate 
resolution for the 224×224 px input required by ResNet-18. Images underwent preprocessing with Contrast Limited Adap-
tive Histogram Equalisation (CLAHE) [56] and lung segmentation using a DeepLabV3-based model [57]. A ResNet-18 
architecture, pre-trained on ImageNet and fine-tuned on public and local datasets, was used for three-class classification 
(Normal, Pneumonia, Other Disease; ROC curves and calibration in S3 Fig). Model interpretability and lung injury quan-
tification were provided by Class Activation Mapping (CAM) [58]. ResNet-18 was selected as the backbone architecture 
because its relatively low parameter count (∼11.7 million) permits CPU-based inference, it shares the same architectural 
family as CheXNet [18] (a seminal CXR deep learning model [40]), and it has been widely validated for medical image 
classification. Modern architectures such as Vision Transformers (ViT) [41] offer potential performance gains but require 
substantially larger training datasets and computational resources not available in this LMIC context. CAM was chosen 
over alternative explainability methods—Grad-CAM [42], Grad-CAM++ [43], SHAP [44], and LIME [45]—because of its 
direct compatibility with the global average pooling layer of ResNet-18, computational simplicity (single forward pass), and 
established use in CXR literature [18,58].

The CAM output was used to derive consolidation compromise ratios. The segmented lung field was split into right and 
left lungs along the midline of the segmentation mask (S5 Fig). The compromise ratio for each lung L was defined as:

	
CRL =

Number of CAM-activated pixels in lung L
Total pixels in lung L

× 100
	 (1)

where a pixel was considered activated if its CAM value exceeded the threshold T*. The total compromise ratio 
(TCR) was the ratio of all CAM-activated pixels to total lung pixels (see Fig 7). The optimal CAM activation thresh-
old (T* = 0.20) was determined by leave-one-out cross-validation (LOOCV) against a radiologist ground truth of 106 
images [59] (Dice = 0.286±0.199; AUROC = 0.613±0.223; S5 Table, S8 Fig). Full CXR pipeline configuration is docu-
mented in S6 Table.

The primary analytic dataset was derived from participants treated at Hospital Alma Máter de Antioquia. This dataset 
comprised EHR unstructured clinical notes, initial ECG recordings (obtained as PDF images), and first CXR.

Fig 7.  Multimodal AI pipeline for pneumonia mortality prediction with a representative patient example. Three parallel analysis modules—CXR 
(ResNet-18 + Grad-CAM consolidation quantification, n = 121), NLP (regex-based IDSA/ATS severity scoring from Spanish-language clinical notes, 
n = 121), and ECG (signal digitisation from paper PDF archives with beat morphology and HRV feature extraction, n = 27)—feed extracted features into a 
Firth penalised logistic regression model for in-hospital mortality risk estimation with explainable feature attribution. Bottom panel: illustrative data flow for 
a representative non-survivor patient showing CXR compromise ratios, NLP-extracted IDSA/ATS criteria, and ECG-derived biomarkers.

https://doi.org/10.1371/journal.pdig.0000960.g007



PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0000960  April 30, 2026 15 / 21

ECG digitisation and signal processing

ECG recordings, initially in PDF format, were digitised using a semi-automated process involving scale calibration and 
baseline detection. Signal processing assumed standard clinical ECG paper speed (25 mm/s) and amplitude calibration 
(10 mm/mV), yielding an effective sampling resolution of 500 Hz after pixel-to- time interpolation from lead II of the 12-lead 
ECG. A band-pass filter (0.5–40 Hz, NeuroKit2 default Butterworth parameters) was applied. R-peak detection used 
the Pan-Tompkins algorithm as implemented in NeuroKit2 [60]; beats with RR intervals outside the physiological range 
(300–2000 ms) were excluded as artefacts. Patients with atrial fibrillation or artificially paced rhythms identified on visual 
inspection were excluded from HRV analysis (none met these criteria in the final ECG cohort; Fig 1). Heart rate variability 
(HRV) analysis was subsequently performed using NeuroKit2 [60] to compute time-domain (MeanNN, SDNN, RMSSD) 
and non-linear (SD1, SD2, ApEn) metrics. All ECG amplitudes are reported in millivolts (mV); the isoelectric baseline was 
estimated as the TP-segment mean. Native machine-output digital ECG recordings (XML or SCP-ECG format) were not 
available for this retrospective cohort—all ECGs were archived as printed paper reports, precluding a formal Bland-Altman 
comparison against machine output (available digitisation accuracy plots are shown in S2 Fig).

NLP pipeline

Extracted EHR text underwent standard preprocessing (lowercasing, accent normalisation, and removal of non-semantic 
tokens). A custom severity scoring algorithm quantified clinical status based on modified IDSA/ATS criteria [27]: a library of 
predefined clinical terms and associated severity weights in Spanish was represented as regular expressions and applied 
to the preprocessed text. Positive matches incremented the total severity score. The NLP pipeline used dictionary-based 
regular expressions augmented with context-window rules to reduce false negatives for compound clinical expressions. 
An age-based score component was added from the structured EHR fields.

Each record was independently evaluated by two board-certified internists for IDSA/ATS criterion scoring (n = 94 
records double-annotated; Cohen’s κ reported in S2 Table). The conservative regex design implies that a criterion key-
word that is absent from a note yields a false negative (FN), not a false positive (FP), explaining the zero-FP result across 
all criteria in Table 2. Anonymised extraction examples from Spanish clinical notes are provided in S2 Appendix.

Study participants

Participants were adults retrospectively identified from the primary hospital dataset (January 1 to June 30, 2024). Inclusion 
criteria: age ≥18 years; primary diagnosis of acute pneumonia confirmed clinically and/or radiologically; and requirement 
for continuous monitoring (i.e., intensive, intermediate, or step-down care). Exclusion criteria: explicit documented refusal 
of intubation; and >20% missingness across key variables (S1 Table), a threshold consistent with recommendations for 
handling incomplete data in medical research [61]. All three modalities (CXR, clinical notes, and ECG where available) 
were acquired during the index hospital admission, typically within ±24 hours of presentation. Final cohort: n = 121. A sub-
set of 27 patients with available paper-based ECGs underwent the ECG/HRV sub-analysis (see Fig 1).

Statistical analysis

To examine the association between individual features and mortality, a series of univariate and bivariate statistical analy-
ses were conducted using Python (version 3.12) with the SciPy, statsmodels, and NeuroKit2 libraries. Continuous variable 
normality was assessed using the Shapiro-Wilk or D’Agostino-Pearson test. Differences between survivor and non- 
survivor groups were evaluated using independent-samples t-tests (normally distributed data) or Mann-Whitney U tests 
(non-normally distributed data); for categorical variables, Chi-squared or Fisher’s exact test was used. Odds ratios (ORs) 
with 95% confidence intervals (CIs) were calculated for each feature independently using simple logistic regression; ORs 
for continuous variables are expressed per standard deviation increase. A conventional threshold of p<0.05 was used; 
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because this is an exploratory proof-of-concept study with a limited event count (n = 19; events-per-variable ≈ 4), no formal 
multivariable model was pre-registered as a primary analysis. Given the class imbalance (19 deaths vs. 102 survivors, 
15.7% event rate), association measures were based on odds ratios from logistic regression rather than accuracy-based 
metrics, and exact tests (Fisher’s exact test) were preferred for sparse categorical comparisons, consistent with recom-
mendations for rare-event studies [62]. Results were visualised as forest plots. As a sensitivity analysis, a Firth penalised 
logistic regression was fitted in a separate analysis notebook using three predictors (one per modality: total lung compro-
mise ratio, NLP-IDSA score, and tachycardia-corrected mean heart rate from 10-second Lead II); results are reported in 
S7 Table, S4 Fig, and S9 Table. Restricted cubic splines or fractional polynomials were considered to capture potential 
non-linear effects of heart rate and NN interval on mortality; however, the small event count (n = 19) provided insufficient 
degrees of freedom to estimate non-linear terms reliably, and the analysis was therefore restricted to linear-in-the-logit 
associations.

Supporting information

S1 Fig. NLP per-criterion confusion matrices. Confusion matrices for each IDSA/ATS criterion comparing NLP-V1 and 
NLP-V2 predictions against human expert consensus (n = 94 double-annotated records).
(TIF)

S2 Fig. ECG digitisation Bland-Altman plots. Available digitisation accuracy plots from the PDF ECG pipeline. Note: 
comparison against native machine-output digital ECG (XML/SCP-ECG) was not possible for this cohort; all ECGs were 
archived as paper reports only.
(TIF)

S3 Fig. CXR binary classification: ROC curves and calibration plots. Receiver operating characteristic (ROC) curves 
for pneumonia vs. healthy (AUC = 0.624) and pneumonia vs. other disease (AUC = 0.556) binary comparisons. Calibration 
plot shown with Brier score.
(TIF)

S4 Fig. Firth penalised logistic regression: ROC curve and calibration plot. Receiver operating characteristic curve 
(AUC = 0.756, 95% CI: 0.625–0.887) and calibration plot (Brier score = 0.116) for the Firth penalised logistic model fitted on 
Cohort A (n = 121) with three predictors (CXR total compromise ratio, NLP-IDSA score, age). See S7 Table for coefficient 
estimates.
(TIF)

S5 Fig. Lung zone schematic and CAM activation example. Panel A: Bilateral lung division used to compute the com-
promise ratio (CR

L
) for the right and left lungs along the segmentation midline. Panel B: Representative CXR processed 

through the Humath Curie pipeline showing the original image, Class Activation Map (CAM) heatmap overlay with consoli-
dation area in red, and binary consolidation mask at threshold T* = 0.20.
(TIF)

S6 Fig. Ultra-short (10-second) HRV metrics by mortality outcome. Box plots comparing heart rate variability indices 
derived from the standardised lead II segment (n = 27 patients: 24 survivors, 3 non-survivors).
(TIF)

S7 Fig. Lead-by-lead ECG feature comparison by mortality outcome. Wilcoxon rank-sum comparisons of R-wave 
amplitude, ST-segment level, and T-wave amplitude across 13 leads. Four features survived Benjamini-Hochberg FDR 
correction at q<0.05.
(TIF)

http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s001
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s002
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s003
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s004
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s005
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s006
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s007
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S8 Fig. CAM activation threshold LOOCV sweep. Dice coefficient and AUROC as a function of the CAM activa-
tion threshold T across 106 radiologist-annotated images. Optimal threshold T* = 0.20 maximised Dice (0.286±0.199; 
AUROC = 0.613±0.223).
(TIF)

S1 Table. Variable missingness by cohort. Percentage of missing values per variable for Cohort A (CXR/NLP analytic 
cohort, n = 121) and Cohort B (ECG sub-analysis subset, n = 27). Variables with >20% missingness: img_total_ratio 
(89.3% in Cohort A, reflecting the 27/121 ECG subset), and HRV_LF (11.1% in Cohort B).
(XLSX)

S2 Table. NLP inter-rater and AI-human agreement (Cohen’s kappa coefficients). Per-criterion κ with 95% confi-
dence intervals for: inter-human (κ = 0.408), NLP-V1 vs. human (κ = 0.510), and NLP-V2 vs. human (κ = 0.455).
(XLSX)

S3 Table. NLP per-criterion detection rates. Per-criterion detection rate (number and percentage of patients detected) 
for each IDSA/ATS severity criterion, benchmarked against human expert consensus annotations.
(XLSX)

S4 Table. IDSA/ATS score distribution: observed NLP labels vs. human ground truth. Score distributions under two sce-
narios (NLP-extracted vs. human-assigned labels), with percentage of patients reclassified to a higher or lower risk stratum.
(XLSX)

S5 Table. CXR pipeline validation metrics. Dice coefficient ± SD = 0.286±0.199, AUROC ± SD = 0.613±0.223, ICC(2,1) 
= 0.123 [-0.07, 0.35] against radiologist ground truth (n = 106 images with manual segmentation). CAM activation thresh-
old T* = 0.20 (determined by LOOCV).
(XLSX)

S6 Table. CXR AI model configuration. Architecture: ResNet-18, 3-class output (NEUMONIA/OTROS/SANO). Prepro-
cessing: CLAHE, DeepLabV3 lung segmentation. Input: 224 × 224 px. CAM via layer4 activations. Pre-training datasets: 
CheXpert, NIH ChestX-ray14, Montgomery, Shenzhen, RSNA, COVIDx. Fine-tuning: 395 images, Clínica CES. Training 
hyperparameters: 300 epochs, AdamW (lr = 0.005), cosine annealing with warm restarts, batch size 512.
(XLSX)

S7 Table. Firth penalised logistic sensitivity model—Cohort A (n = 121) and Cohort B (n = 27). Penalised logis-
tic regression (Firth method) fitted with three predictors. Cohort A: CXR total compromise ratio, NLP-IDSA score, age; 
AUC = 0.756, Brier = 0.116. Cohort B: CXR total compromise ratio, NLP-IDSA score, tachycardia-corrected mean heart rate 
(10-second Lead II, v4.0); AUC = 0.917, Brier = 0.067.
(XLSX)

S8 Table. ECG beat-level feature descriptives by survival outcome. Median [IQR] for 16 ECG morphology and interval 
features (383 beats from 27 patients, v4.0 tachycardia-corrected). Mann-Whitney U p-values reported; beats are not inde-
pendent (see linear mixed-model results in the main text).
(XLSX)

S9 Table. Variance inflation factors (VIF) for predictors. VIF values for Cohort A Firth model predictors: CXR = 1.24, 
NLP-IDSA = 1.18, Age = 1.37 (all < 2; acceptable). Cohort B predictors (v4.0): CXR = 1.14, NLP-IDSA = 1.17, mean 
HR = 1.05 (all VIF < 2). HRV panel (v4.0 corrected): RMSSD and SD1 show VIF > 104 reflecting mathematical equivalence 
(SD1 = RMSSD/

√
2).

(XLSX)

http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s008
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s009
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s010
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s011
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s012
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s013
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s014
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s015
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http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s017
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S1 Appendix. STROBE observational study compliance checklist. Completed STROBE checklist for prospective/ret-
rospective observational studies (cohort design).
(PDF)

S2 Appendix. Anonymised NLP extraction examples (Spanish clinical notes). Three representative, fully anonymised 
Spanish clinical note excerpts with annotated IDSA/ATS criterion matches from the NLP pipeline.
(PDF)

Acknowledgments

The authors thank the clinical staff at Hospital Alma Máter de Antioquia for support with data collection and the two 
board-certified internists who independently annotated the IDSA/ATS criteria.

Author contributions

Conceptualization: Alejandro Hernández-Arango, Juan G Paniagua Castrillon, Julián Rondón-Carvajal, Olga Lucia 
Quintero Montoya.

Data curation: Alejandro Hernández-Arango, Daniel Mejía Arrieta, Juan G Paniagua Castrillon, Julián Rondón-Carvajal, 
Santiago Álvarez-López, José Julián Garcés Echeverri, Olga Lucia Quintero Montoya.

Formal analysis: Alejandro Hernández-Arango, Juan G Paniagua Castrillon, Julián Rondón-Carvajal, Wayner Barrios, 
Hernán Felipe García Arias, Olga Lucia Quintero Montoya.

Funding acquisition: Christian Andrés Díaz León, Juan G Paniagua Castrillon, Jesús Francisco Vargas-Bonilla, Olga 
Lucia Quintero Montoya.

Investigation: Alejandro Hernández-Arango, Juan G Paniagua Castrillon, Julián Rondón-Carvajal, David Restrepo, 
Santiago Álvarez-López, Hernán Felipe García Arias, José Julián Garcés Echeverri, Carlos Salazar-Martinez, Olga 
Lucia Quintero Montoya.

Methodology: Alejandro Hernández-Arango, Juan G Paniagua Castrillon, Julián Rondón-Carvajal, José Julián Garcés 
Echeverri, Olga Lucia Quintero Montoya.

Project administration: Christian Andrés Díaz León, José Julián Garcés Echeverri, Olga Lucia Quintero Montoya.

Resources: Christian Andrés Díaz León, Olga Lucia Quintero Montoya.

Software: Christian Andrés Díaz León, Juan G Paniagua Castrillon, Melissa Alejandra Acosta, David Restrepo, Wayner 
Barrios, Hernán Felipe García Arias, Carlos Salazar-Martinez.

Supervision: Alejandro Hernández-Arango, Wayner Barrios, Olga Lucia Quintero Montoya.

Validation: Alejandro Hernández-Arango, Daniel Mejía Arrieta, Julián Rondón-Carvajal, David Restrepo, Santiago Álvarez-López.

Visualization: Alejandro Hernández-Arango, David Restrepo.

Writing – original draft: Alejandro Hernández-Arango, Juan G Paniagua Castrillon, Julián Rondón-Carvajal, Wayner 
Barrios, Olga Lucia Quintero Montoya.

Writing – review & editing: Alejandro Hernández-Arango, Daniel Mejía Arrieta, Juan G Paniagua Castrillon, Julián 
Rondón-Carvajal, Wayner Barrios, Olga Lucia Quintero Montoya.

References
	1.	 Shi T, Denouel A, Tietjen AK, Lee JW, Falsey AR, Demont C, et al. Global and Regional Burden of Hospital Admissions for Pneumonia in Older 

Adults: A Systematic Review and Meta-Analysis. J Infect Dis. 2020;222(Suppl 7):S570–6. https://doi.org/10.1093/infdis/jiz053 PMID: 30849172

http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s018
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0000960.s019
https://doi.org/10.1093/infdis/jiz053
http://www.ncbi.nlm.nih.gov/pubmed/30849172


PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0000960  April 30, 2026 19 / 21

	 2.	 Henig O, Kaye KS. Bacterial Pneumonia in Older Adults. Infect Dis Clin North Am. 2017;31(4):689–713. https://doi.org/10.1016/j.idc.2017.07.015 
PMID: 28916385

	 3.	 Welte T, Köhnlein T. Global and local epidemiology of community-acquired pneumonia: the experience of the CAPNETZ Network. Semin Respir 
Crit Care Med. 2009;30(2):127–35. https://doi.org/10.1055/s-0029-1202941 PMID: 19296412

	 4.	 Cavallazzi R, Ramirez JA. Definition, Epidemiology, and Pathogenesis of Severe Community-Acquired Pneumonia. Semin Respir Crit Care Med. 
2024;45(2):143–57. https://doi.org/10.1055/s-0044-1779016 PMID: 38330995

	 5.	 Gelaidan A, Almaimani M, Alorfi YA, Alqahtani A, Alaklabi NG, Alshamrani SM, et al. Comparative Effectiveness of CURB-65 and qSOFA Scores in 
Predicting Pneumonia Outcomes: A Systematic Review. Cureus. 2024;16(10):e71394. https://doi.org/10.7759/cureus.71394 PMID: 39539877

	 6.	 Zaki HA, Hamdi Alkahlout B, Shaban E, Mohamed EH, Basharat K, Elsayed WAE, et al. The Battle of the Pneumonia Predictors: A Comprehen-
sive Meta-Analysis Comparing the Pneumonia Severity Index (PSI) and the CURB-65 Score in Predicting Mortality and the Need for ICU Support. 
Cureus. 2023;15(7):e42672. https://doi.org/10.7759/cureus.42672 PMID: 37649936

	 7.	 Lythgoe C, Hamilton DO, Johnston BW, Ortega-Martorell S, Olier I, Welters I. The use of machine learning based models to predict the sever-
ity of community acquired pneumonia in hospitalised patients: A systematic review. J Intensive Care Soc. 2025;26(2):237–48. https://doi.
org/10.1177/17511437251315319 PMID: 39911517

	 8.	 Jones BE, Jones J, Bewick T, Lim WS, Aronsky D, Brown SM, et al. CURB-65 pneumonia severity assessment adapted for electronic decision sup-
port. Chest. 2011;140(1):156–63. https://doi.org/10.1378/chest.10-1296 PMID: 21163875

	 9.	 He Y, Liu N, Yang J, Hong Y, Ni H, Zhang Z. Comparison of artificial intelligence and logistic regression models for mortality prediction in acute 
respiratory distress syndrome: a systematic review and meta-analysis. Intensive Care Med Exp. 2025;13(1):23. https://doi.org/10.1186/s40635-
024-00706-8 PMID: 39982531

	10.	 Wang Y, Liu C, Fan Y, Niu C, Huang W, Pan Y, et al. A multi-modal deep learning solution for precise pneumonia diagnosis: the PneumoFusion-Net 
model. Front Physiol. 2025;16:1512835. https://doi.org/10.3389/fphys.2025.1512835 PMID: 40144549

	11.	 Quah J, Liew CJY, Zou L, Koh XH, Alsuwaigh R, Narayan V, et al. Chest radiograph-based artificial intelligence predictive model for mortality in 
community-acquired pneumonia. BMJ Open Respir Res. 2021;8(1):e001045. https://doi.org/10.1136/bmjresp-2021-001045 PMID: 34376402

	12.	 Shin HJ, Lee EH, Han K, Ryu L, Kim E-K. Development of a new prognostic model to predict pneumonia outcome using artificial intelligence-based 
chest radiograph results. Sci Rep. 2024;14(1):14415. https://doi.org/10.1038/s41598-024-65488-1 PMID: 38909087

	13.	 Scharp D, Hobensack M, Davoudi A, Topaz M. Natural Language Processing Applied to Clinical Documentation in Post-acute Care Settings: A 
Scoping Review. J Am Med Dir Assoc. 2023;25(1):69–83. https://doi.org/10.1016/j.jamda.2023.09.006 PMID: 37838000

	14.	 Jones BE, South BR, Shao Y, Lu CC, Leng J, Sauer BC, et al. Development and Validation of a Natural Language Processing Tool to Identify 
Patients Treated for Pneumonia across VA Emergency Departments. Appl Clin Inform. 2018;9(1):122–8. https://doi.org/10.1055/s-0038-1626725 
PMID: 29466818

	15.	 de Castilho FM, Ribeiro ALP, Nobre V, Barros G, de Sousa MR. Heart rate variability as predictor of mortality in sepsis: A systematic review. PLoS 
One. 2018;13(9):e0203487. https://doi.org/10.1371/journal.pone.0203487 PMID: 30204803

	16.	 de Castilho FM, Ribeiro ALP, da Silva JLP, Nobre V, de Sousa MR. Heart rate variability as predictor of mortality in sepsis: A prospective cohort 
study. PLoS One. 2017;12(6):e0180060. https://doi.org/10.1371/journal.pone.0180060 PMID: 28654692

	17.	 Fishbein J, Coleman KM, Bhullar A, Sharma N, Zafeiropoulos S, Ansari U, et al. Delayed cardiac repolarisation as a predictor of in-hospital mortal-
ity in patients with COVID-19. Heart. 2022;108(19):1539–46. https://doi.org/10.1136/heartjnl-2021-320412 PMID: 35144985

	18.	 Rajpurkar P, Irvin J, Zhu K, Yang B, Mehta H, Duan T, et al. CheXNet: radiologist-level pneumonia detection on chest X-rays with deep learning; 
ArXiv:1711.05225 [cs.CV]. 2017. https://doi.org/10.48550/arxiv.1711.05225

	19.	 Waits GS, Soliman EZ. Digitizing paper electrocardiograms: Status and challenges. J Electrocardiol. 2017;50(1):123–30. https://doi.org/10.1016/j.
jelectrocard.2016.09.007 PMID: 27658690

	20.	 Névéol A, Dalianis H, Velupillai S, Savova G, Zweigenbaum P. Clinical Natural Language Processing in languages other than English: opportunities 
and challenges. J Biomed Semantics. 2018;9(1):12. https://doi.org/10.1186/s13326-018-0179-8 PMID: 29602312

	21.	 Junior LAF, Teixeira-Neto IS, da Silva EL, do Nascimento VB, Silva JE, de Almeida IM. Heart rate variability as a tool to evaluate the parasym-
pathetic component of the autonomic nervous system in patients with sepsis. PLoS One. 2019;14(2):e0213239. https://doi.org/10.1371/journal.
pone.0213239

	22.	 Du C, Zhang H, Zhang Y, Zhang H, Zheng J, Liu C, et al. Prognostic Factors and Nomogram for Klebsiella pneumoniae Infections in Intensive Care 
Unit. Infect Drug Resist. 2025;18:1237–51. https://doi.org/10.2147/IDR.S500523 PMID: 40052064

	23.	 Li D, Huang X, Rao H, Yu H, Long S, Li Y, et al. Klebsiella pneumoniae bacteremia mortality: a systematic review and meta-analysis. Front Cell 
Infect Microbiol. 2023;13:1157010. https://doi.org/10.3389/fcimb.2023.1157010 PMID: 37153146

	24.	 Dhiman P, Ma J, Qi C, Bullock G, Sergeant JC, Riley RD, et al. Sample size requirements are not being considered in studies developing pre-
diction models for binary outcomes: a systematic review. BMC Med Res Methodol. 2023;23(1):188. https://doi.org/10.1186/s12874-023-02008-1 
PMID: 37598153

	25.	 Balbi M, Caroli A, Corsi A, Milanese G, Surace A, Di Marco F, et al. Chest X-ray for predicting mortality and the need for ventilatory support in 
COVID-19 patients presenting to the emergency department. Eur Radiol. 2021;31(4):1999–2012. https://doi.org/10.1007/s00330-020-07270-1 
PMID: 33033861

https://doi.org/10.1016/j.idc.2017.07.015
http://www.ncbi.nlm.nih.gov/pubmed/28916385
https://doi.org/10.1055/s-0029-1202941
http://www.ncbi.nlm.nih.gov/pubmed/19296412
https://doi.org/10.1055/s-0044-1779016
http://www.ncbi.nlm.nih.gov/pubmed/38330995
https://doi.org/10.7759/cureus.71394
http://www.ncbi.nlm.nih.gov/pubmed/39539877
https://doi.org/10.7759/cureus.42672
http://www.ncbi.nlm.nih.gov/pubmed/37649936
https://doi.org/10.1177/17511437251315319
https://doi.org/10.1177/17511437251315319
http://www.ncbi.nlm.nih.gov/pubmed/39911517
https://doi.org/10.1378/chest.10-1296
http://www.ncbi.nlm.nih.gov/pubmed/21163875
https://doi.org/10.1186/s40635-024-00706-8
https://doi.org/10.1186/s40635-024-00706-8
http://www.ncbi.nlm.nih.gov/pubmed/39982531
https://doi.org/10.3389/fphys.2025.1512835
http://www.ncbi.nlm.nih.gov/pubmed/40144549
https://doi.org/10.1136/bmjresp-2021-001045
http://www.ncbi.nlm.nih.gov/pubmed/34376402
https://doi.org/10.1038/s41598-024-65488-1
http://www.ncbi.nlm.nih.gov/pubmed/38909087
https://doi.org/10.1016/j.jamda.2023.09.006
http://www.ncbi.nlm.nih.gov/pubmed/37838000
https://doi.org/10.1055/s-0038-1626725
http://www.ncbi.nlm.nih.gov/pubmed/29466818
https://doi.org/10.1371/journal.pone.0203487
http://www.ncbi.nlm.nih.gov/pubmed/30204803
https://doi.org/10.1371/journal.pone.0180060
http://www.ncbi.nlm.nih.gov/pubmed/28654692
https://doi.org/10.1136/heartjnl-2021-320412
http://www.ncbi.nlm.nih.gov/pubmed/35144985
https://doi.org/10.48550/arxiv.1711.05225
https://doi.org/10.1016/j.jelectrocard.2016.09.007
https://doi.org/10.1016/j.jelectrocard.2016.09.007
http://www.ncbi.nlm.nih.gov/pubmed/27658690
https://doi.org/10.1186/s13326-018-0179-8
http://www.ncbi.nlm.nih.gov/pubmed/29602312
https://doi.org/10.1371/journal.pone.0213239
https://doi.org/10.1371/journal.pone.0213239
https://doi.org/10.2147/IDR.S500523
http://www.ncbi.nlm.nih.gov/pubmed/40052064
https://doi.org/10.3389/fcimb.2023.1157010
http://www.ncbi.nlm.nih.gov/pubmed/37153146
https://doi.org/10.1186/s12874-023-02008-1
http://www.ncbi.nlm.nih.gov/pubmed/37598153
https://doi.org/10.1007/s00330-020-07270-1
http://www.ncbi.nlm.nih.gov/pubmed/33033861


PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0000960  April 30, 2026 20 / 21

	26.	 Chiumello D, Coppola S, Catozzi G, Danzo F, Santus P, Radovanovic D. Lung Imaging and Artificial Intelligence in ARDS. J Clin Med. 
2024;13(2):305. https://doi.org/10.3390/jcm13020305 PMID: 38256439

	27.	 Phua J, See KC, Chan YH, Widjaja LS, Aung NW, Ngerng WJ, et al. Validation and clinical implications of the IDSA/ATS minor criteria for severe 
community-acquired pneumonia. Thorax. 2009;64(7):598–603. https://doi.org/10.1136/thx.2009.113795 PMID: 19386583

	28.	 Li H-Y, Guo Q, Song W-D, Zhou Y-P, Li M, Chen X-K, et al. Modified IDSA/ATS Minor Criteria for Severe Community-Acquired Pneumonia Best 
Predicted Mortality. Medicine (Baltimore). 2015;94(36):e1474. https://doi.org/10.1097/MD.0000000000001474 PMID: 26356705

	29.	 Lisboa T, Blot S, Waterer GW, Canalis E, de Mendoza D, Rodriguez A, et al. Radiologic progression of pulmonary infiltrates predicts a worse 
prognosis in severe community-acquired pneumonia than bacteremia. Chest. 2009;135(1):165–72. https://doi.org/10.1378/chest.08-1216 PMID: 
18689575

	30.	 Farina JM, Pereyra M, Mahmoud AK, Scalia IG, Abbas MT, Chao C-J, et al. Artificial Intelligence-Based Prediction of Cardiovascular Diseases from 
Chest Radiography. J Imaging. 2023;9(11):236. https://doi.org/10.3390/jimaging9110236 PMID: 37998083

	31.	 Kufel J, Paszkiewicz I, Kocot S, Lis A, Dudek P, Czogalik Ł, et al. Deep Learning in Cardiothoracic Ratio Calculation and Cardiomegaly Detection. 
J Clin Med. 2024;13(14):4180. https://doi.org/10.3390/jcm13144180 PMID: 39064223

	32.	 Montesinos López OA, Montesinos López A, Crossa J. Overfitting, Model Tuning, and Evaluation of Prediction Performance. Multivariate Statistical 
Machine Learning Methods for Genomic Prediction. Cham: Springer International Publishing; 2022. p. 109–39.

	33.	 Niederman MS. Pneumonia: Considerations for the Critically Ill Patient. Critical Care Medicine. Elsevier; 2008. p. 867–83.

	34.	 Isaksen JL, Ghouse J, Graff C, Olesen MS, Holst AG, Pietersen A, et al. Electrocardiographic T-wave morphology and risk of mortality. Int J Car-
diol. 2021;328:199–205. https://doi.org/10.1016/j.ijcard.2020.12.016 PMID: 33321127

	35.	 Rosén J, Noreland M, Stattin K, Lipcsey M, Frithiof R, Malinovschi A, et al. ECG pathology and its association with death in critically ill COVID-19 
patients, a cohort study. PLoS One. 2021;16(12):e0261315. https://doi.org/10.1371/journal.pone.0261315 PMID: 34905575

	36.	 Papaioannou VE, Dragoumanis CK, Theodorou V, Gargareta C, Pneumatikos IA. Heart-rate variability and the inflammatory response in septic 
patients treated in the ICU. J Crit Care. 2009;24(4):625.e1–e7.

	37.	 Nussinovitch U, Elishkevitz KP, Katz K, Nussinovitch M, Segev S, Volovitz B, et al. Reliability of Ultra-Short ECG Indices for Heart Rate Variability. 
Ann Noninvasive Electrocardiol. 2011;16(2):117–22. https://doi.org/10.1111/j.1542-474X.2011.00417.x PMID: 21496161

	38.	 Nussinovitch U, Cohen O, Kaminer K, Ilani J, Nussinovitch N. Evaluating reliability of ultra-short ECG indices of heart rate variability in diabetes 
mellitus patients. J Diabetes Complications. 2012;26(5):450–3. https://doi.org/10.1016/j.jdiacomp.2012.05.001 PMID: 22682758

	39.	 Nussinovitch U, Elishkevitz KP, Kaminer K, Nussinovitch M, Segev S, Volovitz B. 10-second heart rate variability for the assess-
ment of autonomic function: methodology and clinical applications. Pacing Clin Electrophysiol. 2011;34(11):1498–502. https://doi.
org/10.1111/j.1540-8159.2011.03178.x

	40.	 He K, Zhang X, Ren S, Sun J. Deep Residual Learning for Image Recognition. In: 2016 IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR). 2016. p. 770–8.

	41.	 Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X, Unterthiner T. An image is worth 16x16 words: transformers for image recognition at 
scale. In: International Conference on Learning Representations (ICLR). 2021.

	42.	 Selvaraju RR, Cogswell M, Das A, Vedantam R, Parikh D, Batra D. Grad-CAM: Visual Explanations from Deep Networks via Gradient-Based 
Localization. In: 2017 IEEE International Conference on Computer Vision (ICCV). 2017. p. 618–26.

	43.	 Chattopadhay A, Sarkar A, Howlader P, Balasubramanian VN. Grad-CAM++: Generalized Gradient-Based Visual Explanations for Deep Convolu-
tional Networks. In: 2018 IEEE Winter Conference on Applications of Computer Vision (WACV). 2018. p. 839–47.

	44.	 Lundberg SM, Lee SI. A unified approach to interpreting model predictions. In: Advances in Neural Information Processing Systems (NeurIPS). vol. 
30. 2017.

	45.	 Ribeiro MT, Singh S, Guestrin C. “Why should I trust you?”: explaining the predictions of any classifier. In: Proceedings of the 22nd ACM SIGKDD 
International Conference on Knowledge Discovery and Data Mining. 2016. p. 1135–44.

	46.	 Lim WS, van der Eerden MM, Laing R, Boersma WG, Karalus N, Town GI, et al. Defining community acquired pneumonia severity on presentation 
to hospital: an international derivation and validation study. Thorax. 2003;58(5):377–82. https://doi.org/10.1136/thorax.58.5.377 PMID: 12728155

	47.	 Ansari MY, Yaqoob M, Ishaq M, Flushing EF, Mangalote IAC, Dakua SP. A survey of transformers and large language models for ECG diagnosis: 
advances, challenges, and future directions. Artif Intell Rev. 2025;58:261. https://doi.org/10.1007/s10462-025-11259-x

	48.	 Sau A, Zeidaabadi B, Patlatzoglou K, Pastika L, Ribeiro AH, Sabino E, et al. A comparison of artificial intelligence-enhanced electrocardiogra-
phy approaches for the prediction of time to mortality using electrocardiogram images. Eur Heart J Digit Health. 2025;6(2):180–9. https://doi.
org/10.1093/ehjdh/ztae090 PMID: 40110221

	49.	 Chapman WW, Bridewell W, Hanbury P, Cooper GF, Buchanan BG. A simple algorithm for identifying negated findings and diseases in discharge 
summaries. J Biomed Inform. 2001;34(5):301–10. https://doi.org/10.1006/jbin.2001.1029 PMID: 12123149

	50.	 Heidari S, Babor TF, De Castro P, Tort S, Curno M. Sex and Gender Equity in Research: rationale for the SAGER guidelines and recommended 
use. Res Integr Peer Rev. 2016;1:2. https://doi.org/10.1186/s41073-016-0007-6 PMID: 29451543

	51.	 Reynolds AR. Pneumonia: the new “captain of the men of death”: its increasing prevalence and the necessity of methods for its restriction. JAMA. 
1903;40(9):583–6. https://doi.org/10.1001/jama.1903.92490090031001k

https://doi.org/10.3390/jcm13020305
http://www.ncbi.nlm.nih.gov/pubmed/38256439
https://doi.org/10.1136/thx.2009.113795
http://www.ncbi.nlm.nih.gov/pubmed/19386583
https://doi.org/10.1097/MD.0000000000001474
http://www.ncbi.nlm.nih.gov/pubmed/26356705
https://doi.org/10.1378/chest.08-1216
http://www.ncbi.nlm.nih.gov/pubmed/18689575
https://doi.org/10.3390/jimaging9110236
http://www.ncbi.nlm.nih.gov/pubmed/37998083
https://doi.org/10.3390/jcm13144180
http://www.ncbi.nlm.nih.gov/pubmed/39064223
https://doi.org/10.1016/j.ijcard.2020.12.016
http://www.ncbi.nlm.nih.gov/pubmed/33321127
https://doi.org/10.1371/journal.pone.0261315
http://www.ncbi.nlm.nih.gov/pubmed/34905575
https://doi.org/10.1111/j.1542-474X.2011.00417.x
http://www.ncbi.nlm.nih.gov/pubmed/21496161
https://doi.org/10.1016/j.jdiacomp.2012.05.001
http://www.ncbi.nlm.nih.gov/pubmed/22682758
https://doi.org/10.1111/j.1540-8159.2011.03178.x
https://doi.org/10.1111/j.1540-8159.2011.03178.x
https://doi.org/10.1136/thorax.58.5.377
http://www.ncbi.nlm.nih.gov/pubmed/12728155
https://doi.org/10.1007/s10462-025-11259-x
https://doi.org/10.1093/ehjdh/ztae090
https://doi.org/10.1093/ehjdh/ztae090
http://www.ncbi.nlm.nih.gov/pubmed/40110221
https://doi.org/10.1006/jbin.2001.1029
http://www.ncbi.nlm.nih.gov/pubmed/12123149
https://doi.org/10.1186/s41073-016-0007-6
http://www.ncbi.nlm.nih.gov/pubmed/29451543
https://doi.org/10.1001/jama.1903.92490090031001k


PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0000960  April 30, 2026 21 / 21

	52.	 Kermany DS, Goldbaum M, Cai W, Valentim CCS, Liang H, Baxter SL, et al. Identifying Medical Diagnoses and Treatable Diseases by Image-
Based Deep Learning. Cell. 2018;172(5):1122–1131.e9. https://doi.org/10.1016/j.cell.2018.02.010 PMID: 29474911

	53.	 Candemir S, Jaeger S, Palaniappan K, Musco JP, Singh RK, Zhiyun Xue, et al. Lung segmentation in chest radiographs using anatomical atlases 
with nonrigid registration. IEEE Trans Med Imaging. 2014;33(2):577–90. https://doi.org/10.1109/TMI.2013.2290491 PMID: 24239990

	54.	 Jaeger S, Candemir S, Antani S, Wáng Y-XJ, Lu P-X, Thoma G. Two public chest X-ray datasets for computer-aided screening of pulmonary dis-
eases. Quant Imaging Med Surg. 2014;4(6):475–7. https://doi.org/10.3978/j.issn.2223-4292.2014.11.20 PMID: 25525580

	55.	 Wang X, Peng Y, Lu L, Lu Z, Bagheri M, Summers RM. ChestX-Ray8: hospital-scale chest X-ray database and benchmarks on weakly-supervised 
classification and localization of common thorax diseases. In: 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR). IEEE; 
2017. p. 3462–71.

	56.	 Stimper V, Bauer S, Ernstorfer R, Scholkopf B, Xian RP. Multidimensional Contrast Limited Adaptive Histogram Equalization. IEEE Access. 
2019;7:165437–47. https://doi.org/10.1109/access.2019.2952899

	57.	 Hasan D, Abdulazeez AM. Lung segmentation from chest X-ray images using DeepLabv3 -based CNN model. Int J Comput Sci. 2024;13:13–24. 
https://doi.org/10.33022/ijcs.v13i1.3700

	58.	 Zhou B, Khosla A, Lapedriza A, Oliva A, Torralba A. Learning deep features for discriminative localization. In: 2016 IEEE Conference on Computer 
Vision and Pattern Recognition (CVPR). IEEE; 2016. doi:10.1109/cvpr.2016.319

	59.	 Zandehshahvar M, van Assen M, Kim E, Kiarashi Y, Keerthipati V, Tessarin G, et al. Confidence-Aware Severity Assessment of Lung Disease from 
Chest X-Rays Using Deep Neural Network on a Multi-Reader Dataset. J Imaging Inform Med. 2025;38(2):793–803. https://doi.org/10.1007/s10278-
024-01151-5 PMID: 39164451

	60.	 Makowski D, Pham T, Lau ZJ, Brammer JC, Lespinasse F, Pham H, et al. NeuroKit2: A Python toolbox for neurophysiological signal processing. 
Behav Res Methods. 2021;53(4):1689–96. https://doi.org/10.3758/s13428-020-01516-y PMID: 33528817

	61.	 Sterne JAC, White IR, Carlin JB, Spratt M, Royston P, Kenward MG, et al. Multiple imputation for missing data in epidemiological and clinical 
research: potential and pitfalls. BMJ. 2009;338:b2393. https://doi.org/10.1136/bmj.b2393 PMID: 19564179

	62.	 King G, Zeng L. Logistic regression in rare events data. Political Analysis. 2001;9:137–63. https://doi.org/10.1093/oxfordjournals.pan.a004868

https://doi.org/10.1016/j.cell.2018.02.010
http://www.ncbi.nlm.nih.gov/pubmed/29474911
https://doi.org/10.1109/TMI.2013.2290491
http://www.ncbi.nlm.nih.gov/pubmed/24239990
https://doi.org/10.3978/j.issn.2223-4292.2014.11.20
http://www.ncbi.nlm.nih.gov/pubmed/25525580
https://doi.org/10.1109/access.2019.2952899
https://doi.org/10.33022/ijcs.v13i1.3700
doi:10.1109/cvpr.2016.319
https://doi.org/10.1007/s10278-024-01151-5
https://doi.org/10.1007/s10278-024-01151-5
http://www.ncbi.nlm.nih.gov/pubmed/39164451
https://doi.org/10.3758/s13428-020-01516-y
http://www.ncbi.nlm.nih.gov/pubmed/33528817
https://doi.org/10.1136/bmj.b2393
http://www.ncbi.nlm.nih.gov/pubmed/19564179
https://doi.org/10.1093/oxfordjournals.pan.a004868

