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Abstract (word count: 256) 

Background: Lung ultrasound (LUS) is an effective tool for diagnosing acute heart failure (AHF). 

However, several imaging protocols currently exist and how to best use LUS remains undefined. We aimed 

at developing a lung ultrasound-based model for AHF diagnosis using machine learning. 

Methods: Random forest and decision trees were generated using the LUS data (via an 8-zone scanning 

protocol) in patients with acute dyspnea admitted to the Emergency Department (PLUME study, N=117), 

and subsequently validated in an external dataset (80 controls from the REMI study, 50 cases from the 

Nancy AHF cohort). 

Results: Using the random forest model, total B-line sum (i.e., in both hemithoraces) was the most 

significant variable for identifying AHF, followed by the difference in B-line sum between the superior and 

inferior lung areas. The decision tree algorithm had a good diagnostic accuracy [area under the curve 

(AUC)=0.865] and identified three risk groups (i.e. low 24%, high 70%, and very high-risk 96%) for AHF. 

The very high-risk group was defined by the presence of 14 or more B-lines in both hemithoraces while the 

high-risk group was described as having either B-lines mostly localized in superior points or in the right 

hemithorax. Accuracy in the validation cohort was excellent (AUC=0.91). Importantly, adding the 

algorithm on top of a validated clinical score and classical definition of positive LUS scanning for AHF 

resulted in a significant improvement in diagnostic accuracy (continuous net reclassification 

improvement=1.21, P<0.001). 

Conclusions: Our simple lung ultrasound-based machine learning algorithm features an excellent 

performance, and may constitute a validated strategy to diagnose AHF.  

Keywords Lung ultrasound; machine learning, acute heart failure; diagnostic value. 

 

 

 

 

 



3 
 

 
 

Introduction 

Signs and symptoms of congestion are a common cause of heart failure (HF) hospitalization [1]. 

Gradual accumulation or rapid redistribution of intravascular and interstitial fluids (i.e., extravascular lung 

water) are the main causes of the two most common clinical presentations of acute HF (AHF), namely 

decompensated HF and pulmonary edema [1, 2].  

Lung ultrasound (LUS) imaging has emerged as a simple semi-quantitative method to assess 

pulmonary congestion in HF patients through B-line quantification [3-5], the diagnostic value of which has 

been demonstrated in various settings, including pre-hospital, emergency department (ED), intensive care 

unit, and cardiology/inpatient units [6-12].  

Several imaging protocols for LUS have been described, varying from 4- to 28-zones [8]; an Expert 

Consensus Document on LUS suggested that at least six zones should be examined in HF patients [13]. In an 

ED setting (N=117), the 8-zone method, followed by the 6-zone method, demonstrated the highest 

diagnostic accuracy for AHF, also showing a significant incremental diagnostic value over a clinical score 

[14]. 

Artificial intelligence (AI), a rapidly evolving field of computer science that mimics human cognition 

via technology, can be used to improve disease diagnosis [15, 16]. One sub-field of AI is machine learning 

(ML), which provides computers with the ability to identify patterns and relationships of variables based on 

given data. Supervised ML approaches, which use labeled datasets with human input to predict outcomes or 

classify observations, can provide simple or multiple decision trees (i.e., random forest) to classify patients 

into clinical categories which estimate the risk for a medical condition [17]. By adopting this approach, we 

can establish an evidence-based framework for utilizing LUS to improve the diagnosis of AHF in an ED 

setting. This innovative approach serves as a "peacemaker" by leveraging the unbiased nature of AI. Using 

ML technology, the present study aimed to develop and validate an algorithm capable of identifying AHF 

based on LUS findings in patients admitted to the ED with acute dyspnea. 
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Methods 

Study protocol and design 

A detailed description of the methods is available in the Online Resource. This study is part of the 

prospective Pathway and Urgent caRe of Dyspneic Patient at the Emergency Department in LorrainE 

District (PURPLE) study (NCT 03194243, CNIL DR- 2017-098)[18]. The derivation cohort was comprised 

of a subset of patients admitted to the ED in four different hospitals, including a University Hospital, over a 

3-month period (Pulmonary Lung Ultrasound for acute dyspnea in eMergency dEpartment, PLUME study).  

The validation cohort was constructed by merging two datasets, one including cases (i.e. patients with 

an established diagnosis of AHF, the Nancy AHF cohort [19]), and the other including controls (the relation 

between aldosterone and cardiac REmodeling after Myocardial Infarction (REMI) study (controls, treated by 

primary percutaneous transluminal coronary angioplasty for a first ST-segment elevation myocardial 

infarction) [20]. All studies were approved by the respective local Ethics Committees.  

 

Lung ultrasound methods 

All LUS examinations were performed by experienced ultrasound-certified physicians with the 

following ultrasound equipment and probes: 1) PLUME dataset, Vivid S60 ultrasound (GE HealthCare), 

3Sc-RS probe (frequency range 1.3–4.5 MHz); 2) REMI dataset, Vivid E9 ultrasound (GE HealthCare), 

M5S-D probe (frequency range 1.5–4.5 MHz); 3) Nancy AHF dataset, Vivid 7 ultrasound (GE HealthCare), 

3S probe (frequency range 1.5–3.6 MHz). Preset mechanical index (MI) was reduced to ≤0.7 for all 

examinations, and the scanning time was minimized as short as possible [21]. The focus depth was set at the 

pleural line level. 

All LUS examinations were performed by adopting the 28-zone scanning protocol [19, 22]. For each 

zone, a B-line semiquantification grading from zero to 10 was adopted, assessed in real time. When a 

scanning zone displayed only a few separate B-lines (usually less than 5), they were easily discernible and 

were counted individually. If B-lines were confluent (i.e. not sufficiently distinguishable from one another to 

be counted individually), the percentage of the area of the screen below the pleural line occupied by B-lines 
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was considered, and then divided by 10, as previously described and suggested[10, 23]. For the purpose of 

the present analysis, an 8-zone scanning protocol was derived by reviewing the patients' datasets as 

described elsewhere [14]. Briefly, among the original 28 scanning zones, four scanning sites (i.e. zones) on 

each hemithorax were identified (i.e. two anterior zones between the sternum and the anterior axillary line 

and two lateral zones between the anterior and the posterior axillary line): B-line counts from the 

superomedial zones of each of the 8 derived scanning sites were used for the analysis (i.e. second and fourth 

intercostal space at the parasternal and anterior axillary line on each hemithorax) (see Online Resource, 

Supplementary Figure 1).  

In order to explore the different approaches to LUS, seven variables were then obtained by either 

counting the number of B-lines by the 8-zone scanning protocol or by comparing the number of B-lines 

between scanning zones in terms of absolute or relative differences: 1) total B-line sum (on both 

hemithoraces), 2-3) B-line sum on each hemithorax considered separately, 4) absolute difference between B-

line sum of superior and inferior zones, 5) absolute difference between B-line sum of anterior and lateral 

zones, 6) absolute difference between B-line sum of right and left hemithorax, and 7) relative difference 

between B-line sum of right and left hemithorax. 

 

Statistical methods 

To assess the relevance of the use of LUS in diagnosing AHF, a classification tree was generated 

based on the derivation cohort (PLUME dataset, N=117) using the Rpart package, which implements the 

Classification and Regression Tree (CART) algorithm. AHF diagnosis was used as class, and the seven 

aforementioned variables as predictors. A first complex tree was generated and then streamlined to reduce 

cross-validation errors (using the Rpart built-in cross-validation). Additionally, to assess the predictive 

power of the considered variables, a random forest (generating 100 trees) was performed using the 

randomForest package in the same conditions as the classification tree. One hundred subsets were randomly 

generated from the PLUME dataset using the bagging method. These subsets were used to build 

classification trees, after which the results of the models were combined. The discrimination power of each 
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variable was evaluated using the average gain of purity by splits of a given variable. The risk of AHF was 

subsequently categorized into three subgroups: a) low risk (i.e. between 22% and 27%, with an average of 

24%), b) moderate risk (i.e. between 68% and 75%, with an average of 70%), and c) very high risk (i.e. 

96%). The average percentages were determined based on the number of patients in each profile. In addition, 

in the derivation cohort, the incremental value of our model on top of i) a validated clinical score in an ED 

setting (the BREST score) [24] and ii) a “classical definition” of positive LUS for AHF diagnosis (i.e. 

bilateral presence of three or more B-lines in two or more zones) [3, 25] was assessed by C‐ index, 

continuous net reclassification improvement (cNRI), and integrated discrimination improvement (IDI). The 

Brest score, a diagnostic tool able to improve the diagnosis of AHF in patients admitted with 

undifferentiated dyspnea, is based on eleven variables: age >65, comorbidities [i.e., prior history of HF, 

myocardial infarction, and chronic obstructive pulmonary disease (COPD)], pattern of dyspnea, ECG 

findings (atrial fibrillation/flutter, ST segment abnormalities), and signs/symptoms of congestion (i.e., rales 

and leg edema)[24]. The Brest score ranges from zero to 15, identifying three categories: low (score 0-3), 

intermediate (score 4-8), and high (score 9-15) probability of AHF. All analyses were performed using R 

software (the R foundation for Statistical Computing). A P-value < 0.05 was considered statistically 

significant. 

 

Results 

Of the 117 patients included in the derivation cohort, 73 (62.4%) received a diagnosis of AHF, 23 (19.7%) 

were diagnosed with pneumopathy, 9 (7.7%) were diagnosed with chronic obstructive pulmonary disease 

(COPD), and 12 (10.2%) had other etiologies. 

 

Predictive power of the considered variables 

The random forest model analysis (Figure 1) showed that the total B-line sum (i.e. in both 

hemithoraces) had the most relevant impact on AHF classification (mean impurity decrease =12.3), followed 

by the B-line sum in the right or left hemithorax (mean impurity decrease 7.7 and 7.6, respectively), while 
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the difference between B-line sum in the superior and inferior points were also relevant for classification, 

but with less impurity-based importance comparatively to total B-line sum. Lastly, the differences between 

right and left hemithorax and anterior and lateral aspect of the lungs were less determinant for patient 

classification.  

Decision tree for the prediction of acute heart failure diagnosis 

The classification tree identified total B-line-sum, B-line sum in the right hemithorax, and the 

difference between superior and inferior points as the most relevant variables for correctly classifying 

patients, confirming the results obtained with the random forest model. The resulting area under the curve 

(AUC) of 0.865 indicated a good classification of the patients (Figure 2). The random forest model had an 

AUC of 0.754, with an out-of-bag estimated error of 35% (see Online Resource, Supplementary Figure 2).  

The resulting classification model (Figure 2) described three groups at low, high, and very high risk 

for AHF. According to the model, the very high-risk group was defined by the presence of 14 or more B-

lines in both hemithoraces. The low-risk group was characterized by either having a) no B-lines in the right 

hemithorax or b) having B-lines mostly localized in the inferior points and the left hemithorax. The high-risk 

group was described as having either B-lines mostly localized in superior points (i.e. difference between B-

line sum in superior and inferior points ≥2) or when B-lines were not mostly localized in superior areas, 

having a relatively high number of B-lines in the right hemithorax (Figure 2).  

 

Description of the risk groups 

Patient characteristics according to the decision tree model-based phenotypes in both the derivation 

and validation cohorts are presented in Tables 1 and 2. In the derivation cohort, the low-risk group (N=45) 

displayed the most favorable clinical, biological, and radiological profiles. Patients in the very high-risk 

group (N=45) were more likely to display signs of pulmonary congestion (crackles, pulmonary congestion at 

chest X-ray), and cardiomegaly (all P-values <0.01) comparatively to those at low risk; lower hemoglobin 

concentration and higher Brest score were also observed in this group (all P-values <0.05) (Table 1). The 

high-risk group (N=27) mostly displayed intermediate values, which were closer to the high-risk profile than 
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the low-risk profile. In the validation cohort, patients in the very high-risk group were older and more likely 

to be male, also displaying significantly higher natriuretic peptide concentrations and lower systolic BP as 

compared with the other two groups (all P-values <0.05) (Table 2). 

 

Model validation in the external dataset 

To confirm the validity of the generated classification models, the latter were subsequently applied in 

the validation cohort. The two models showed good performances once applied to the new dataset with an 

AUC of 0.906 for the classification tree model and 0.918 for the random forest model (see Online Resource, 

Supplementary Figure 3, and Figure 2).  

 

Incremental diagnostic value of the LUS-based machine learning algorithm 

In the derivation cohort, the addition of our LUS-based ML algorithm on top of the Brest score 

significantly improved the reclassification of AHF diagnosis in terms of C-index increase, cNRI and IDI (all 

P-values <0.001) (Figure 3). The classical definition of positive LUS also resulted in improved accuracy on 

top of the Brest score (all P-values <0.01) but of smaller magnitude than that observed for the ML algorithm 

(i.e., increase in C-index of 0.17 with ML algorithm vs. 0.11 with the classical definition). Furthermore, the 

ML algorithm significantly improved the reclassification of AHF diagnosis on top of the combined use of 

the classical definition of positive LUS and the Brest score (C-index increase [95% CI] = 0.07 [0.02 to 0.12], 

P = 0.006); cNRI [95% CI] = 1.21 [0.91 to 1.51], P < 0.001, IDI [95% CI] = 0.16 [0.09 to 0.23], P <0.001). 

In contrast, the added diagnostic value of the classical definition of positive LUS on top of the Brest score 

and the ML algorithm was overall not significant, aside from cNRI (Figure 3). 

 

Discussion 

To the best of our knowledge, the present analysis is the first to provide a LUS-based ML algorithm 

for the diagnosis of AHF. Our practical algorithm, including a few targeted internal nodes, showed good 

diagnostic accuracy in the derivation cohort (AUC=0.87), and further confirmed in the validation cohort 
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(AUC=0.91). Importantly, adding our algorithm on top of a validated clinical score and classical definition 

of positive LUS for AHF resulted in a significant improvement in diagnostic accuracy. A user-friendly 

online calculator (https://cic-p-nancy.fr/en/ml_lus_hf/) furthermore facilitates its use on an individual patient 

basis by clinicians in demanding acute clinical settings. 

 

Usefulness of machine learning models in heart failure diagnosis 

Machine learning uses a model based on training data to make decisions and program algorithms to 

solve the problem [26]. Machine learning has been increasingly used in the field of HF research, including 

classification of HF phenotypes, early diagnosis, prediction of incident HF, risk stratification, optimal 

titration of medical therapy, as well as patient selection for device implantation and clinical trial recruitment 

[15].  

Generally, available data regarding the utilization of AI and its subfields such as ML in the diagnosis 

of HF, particularly in acute medical settings, is notably sparse. Baloescu et al. recently compared a 2-zone 

(anterior-superior) scanning protocol with an 8-zone approach in a cohort of 205 patients admitted to the ED 

for dyspnea or hypoxia with an automated B-line scoring system using a deep learning algorithm [27]; 

overall, differences in terms of average score were not significant between the two methods. In another 

study, when an AI deep learning algorithm was applied to images acquired by LUS novices in a cohort of 29 

patients with suspected AHF, B-line quantification had a moderate-to-fair correlation when compared to 

semi-quantitative analysis by expert review [28]. A secondary analysis of the BLUSHED-AHF study 

(N=130, LUS-guided treatment strategy versus structured usual care) showed that an AI/ML-based lung 

congestion score had good agreement with two expert B-line readers (Spearman r >0.88 for both) [29]; 

additionally, both experts' scores had significantly better agreement with the AI-ML-based score than their 

correlation with an ultrasound operator's score. Lung ultrasound relies on clinician experience in acquiring 

and interpreting images. Artificial intelligence software packages embedded in ultrasound equipment allow 

quantifying B-lines thus reducing subjectivity in the evaluation of LUS patterns [30], ultimately leading to 

more reproducible analyses. These results underscore the concept that, beyond the number of zones 

https://cic-p-nancy.fr/en/ml_lus_hf/
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assessed, a correct interpretation of findings is crucial, and an automated method of B-line quantification 

could enable non-experts to perform quality LUS examinations. On the other hand, the current limited 

availability of deep learning software does not allow a widespread application of this methodology at 

present. 

In a setting of stable HF, Choi et al. assessed the diagnostic accuracy of an Artificial Intelligence-

Clinical Decision Support System (AI-CDSS) using a hybrid approach (i.e. expert- and ML-driven) for HF 

diagnosis in a retrospective cohort of 1998 patients [31], compared with that of HF specialists as reference. 

The concordance rate was excellent both for HF diagnosis and for phenotypic classification (i.e. >91% for 

all). The AI-CDSS approach confirmed an excellent concordance rate (97%), as opposed to non-HF 

specialists (76%) in a prospective cohort of 97 dyspneic outpatients. However, such ML approach has never 

been used for LUS. The currently available algorithms used to diagnose HF with LUS are in effect 

human/eminence-driven. 

 

Pathophysiology of B-line appearance and distribution over chest zones in acute heart failure 

In AHF patients, B-line appearance is typically bilateral without showing a right or left side 

predominance in terms of positive zone (i.e. B-lines ≥3) [32]. However, our approach sheds new light on B-

line distribution. According to our decision tree model, a higher B-line sum in the right hemithorax (in 

patients with a relatively low number of B-lines overall, i.e. <14) compared with the left hemithorax was an 

indicator of a high risk of AHF. This is in keeping with previous reports described in other settings (i.e. 

mixed population of inpatients [33] and hemodialysis outpatients [34]. Patients presenting to the ED with 

acute dyspnea can exhibit various degrees of pulmonary congestion. Milder forms can be identified by LUS 

only in certain chest areas and B-line distribution may not necessarily follow a typical symmetrical pattern 

[35]. From a pathophysiological standpoint, a right-sided B-line predominance may be taken as the 

equivalent of the right-sided predominance of pleural effusions in patients with decompensated HF [36].  

While a number of theories have been proposed (i.e. compression of the azygous vein by right ventricular 

enlargement, predominant right pulmonary vein compression by enlarged atria, difference in lung 
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dimensions and compliance) [36], no theory has been universally accepted as a plausible explanation for 

pleural effusion, and this can be presumably extended to B-lines. 

A higher B-line sum in superior zones comparatively to inferior zones was another relevant variable 

according to our decision tree. In the course of AHF, development of pulmonary congestion (and thus B-line 

appearance) follows a gravitational gradient, by initially involving basal (i.e. inferior) zones [35]. Previous 

studies that have assessed regional distributions of B-lines in AHF patients have shown that the proportions 

of positive zones range from 80-90% in superior-middle areas to nearly 100% in inferior areas using an 11-

zone protocol [32, 37]. Additionally, if the degree of lung congestion is mild, B-lines can be absent on the 

more anterior apical zones and be visible only in the most gravitationally dependent region of the thorax 

[38]. After receiving treatment, B-line clearance was found to be rapid, showing a significant reduction 

within a few hours [37], with persistence of positive zones observed in ≃ 30% and ≃ 5% of superior-middle 

areas at 24 h and at pre-discharge, respectively [32, 37]. On the other hand, clearance of the inferior area 

showed slower kinetics [32, 37] with only 70% of inferior areas cleared at pre-discharge [32].  

A possible explanation for our findings in the present study is that a higher B-line sum in superior vs. 

inferior areas can increase specificity in diagnosing AHF. Indeed, Lichteinstein et al. showed that 50% of 

patients with exacerbation of COPD and 25% of patients without acute respiratory failure exhibited positive 

zones laterally, along the last intercostal space above the diaphragm [39]. Thus, a higher B-line sum in 

superior zones may reflect upper lobe redistribution of lung vasculature resulting in fluid accumulation in 

the interstitium and interlobular septa. Additionally, in a cohort of 135 stable outpatients with 

known/suspected HF or coronary artery disease undergoing stress echocardiography, higher B-line counts 

were found along the 3rd intercostal space (usually included in superior areas in the various LUS protocols) 

compared with other intercostal spaces (from 2nd to 5
th

), both at rest and during stress [40]. It should be 

emphasized that co-morbidities such as COPD may cause morphological changes in the pulmonary 

parenchyma leading to a possible asymmetric distribution of hydrostatic edema [35] and thus hamper the 

ability of LUS to diagnose AHF during acute exacerbations [41].  
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Clinical implications 

In the latest ESC Guidelines on HF, LUS was incorporated in the proposed diagnostic work-up as an 

additional investigation “to confirm AHF diagnosis, especially when natriuretic peptide testing is not 

available”[1]; however, this indication was not supported by a specific class of recommendations. No 

mention of the latter has been made by the latest American HF Guidelines [42].  

Data from randomized clinical trials and meta-analyses have demonstrated that integration of LUS 

with clinical assessment for the diagnosis of AHF in an ED setting was more accurate than a “traditional” 

diagnostic work-up and allowed reducing diagnostic misclassification [8, 43]. We overall confirm previous 

findings by showing that LUS has good capability in diagnosing AHF. Additionally, by taking advantage of 

an ML analysis, we first report practical information on the optimal use and interpretation of LUS findings 

in an acute setting by providing specific details on B-line distribution; this approach showed an incremental 

diagnostic value over classical definitions of positive LUS based on positive zones.  

Indeed, in the setting of acute dyspnea, it may be challenging to differentiate AHF from other diseases 

such as acute distress respiratory syndrome or pneumonia. Certain LUS findings (i.e. inhomogeneous 

interstitial pattern, fragmented pleural line, reduced/abolished lung sliding, lung consolidation) are not 

encountered in AHF and may help point to alternative diagnoses [8]. We provide herein a practical LUS-

based algorithm, which exclusively relies on B-line findings (i.e., B-line count and distribution); this “B-

line-centered” approach can moreover be widely applied in clinical practice by non-expert practitioners. 

Indeed, assessment of pleural and parenchymal abnormalities may be difficult to perform by LUS beginners.  

 

Limitations 

The limited number of patients could potentially limit the generalizability of our results. It should be 

noted that the detection of B-lines does not necessarily imply their cardiogenic origin, as they are a very 

sensitive but non-specific sign; they are encountered in all conditions primarily or secondarily affecting the 

pulmonary interstitium, from acute respiratory syndrome to pulmonary fibrosis [8]. Indeed, like any other 

diagnostic tool, B-line findings need an integrated assessment with the overall clinical presentation. We 
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acknowledge that these results need to be validated in further larger studies; in the absence of these 

validating studies, our work should be considered as hypothesis-generating. In the derivation cohort, the 

control subgroup exclusively included myocardial infarction patients, and case and control subjects were not 

matched for age and sex which may have partially influenced LUS diagnostic accuracy. 

 

Conclusions 

Our practical algorithm, including a few internal nodes (including total B-line sum, but also B-line 

distribution), showed good diagnostic accuracy in the derivation and validation cohorts (with AUC close or 

equal to 0.90), and a significantly added accuracy on top of a validated clinical score and classical definition 

of positive LUS. These findings emerged from very different settings (ED, cardiology ward) thus ensuring 

generalizability. This ML evidence-based approach may constitute a validated/evidence-based strategy for 

diagnosing AHF [44].  
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Figures 

Figure 1: Variable importance as defined by the random forest algorithm based on the PLUME dataset. 

The importance of the seven generated variables as defined by the random forest algorithm, depending on 

their average gain of purity by splits for the 100 generated trees. 
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Figure 2: Decision tree generated by the CART algorithm from the PLUME dataset 

Classification tree model showing relevant variables for the classification of patients in three risk groups 

(low, high, and very high) for acute heart failure. 
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Figure 3: Description of the incremental value of the LUS-based machine learning algorithm on top of the 

BREST score and classical definition of positive LUS using C-index, cNRI and IDI. 
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Supplemental Information 

Supplementary Figure 1: Illustrative figure on how to derive the 8-zone scanning protocol from 28 zones. 

Supplementary Figure 2: ROC curves for random forest and classification tree models in the derivation 

cohort 

 

Supplementary Figure 3: ROC curves for random forest and classification tree models in the validation 

cohort 
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Table 1: Phenotype description of acute heart failure risk groups in the derivation cohort (PLUME cohort) 

 Overall cohort 

(n=117) 

Low-risk (n=45) High-risk (n=27) Very high-risk (n=45)  

Variables N Mean  ± SD 

n(%) 

N Mean  ± SD 

n(%) 

N Mean  ± SD 

n(%) 

N Mean  ± SD 

n(%) 

P-value 

Clinical characteristics          
  Gender (men) 1

1

7 

52 (44.4 %) 45 16 (35.6 %) 27 17 (63.0 %) 45 19 (42.2 %) 0.086 

  Age (years) 1

1

7 

79.62 ± 11.76 45 78.58 ± 11.84 27 77.81 ± 12.98 45 81.73 ± 10.83 0.30 
  BMI (kg/m2) 1

0

8 

27.32 ± 6.90 40 27.62 ± 6.84 25 27.02 ± 7.73 43 27.22 ± 6.61 0.94 

  SBP (mmHg) 1

1

7 

137.09 ± 25.03 45 135.53 ± 22.24 27 131.85 ± 26.27 45 141.78 ± 26.60 0.23 

  DBP (mmHg) 1

1

7 

73.09 ± 15.51 45 70.33 ± 12.56 27 72.04 ± 16.47 45 76.49 ± 17.20 0.16 
  Heart rate (bpm) 1

1

7 

93.56 ± 24.58 45 90.98 ± 20.93 27 92.93 ± 24.86 45 96.51 ± 27.81 0.56 

  Respiratory rate 1

0

6 

27.32 ± 8.64 41 28.29 ± 9.71 24 26.79 ± 8.80 41 26.66 ± 7.44 0.66 
  SpO2 (%) 1

1

7 

93.48 ± 5.84 45 92.16 ± 8.17 27 93.96 ± 3.56 45 94.51 ± 3.56 0.14 

  NYHA classification 1

1

7 

 45  27  45  0.071 

  I  3 (2.6 %)  2 (4.4 %)  1 (3.7 %)  0 (0.0 %)  
  II  4 (3.4 %)  1 (2.2 %)  3 (11.1 %)  0 (0.0 %)  

  III  51 (43.6 %)  23 (51.1 %)  8 (29.6 %)  20 (44.4 %)  
  IV  59 (50.4 %)  19 (42.2 %)  15 (55.6 %)  25 (55.6 %)  

  Jugular venous-distension 1

1

7 

19 (16.2 %) 45 3 (6.7 %) 27 5 (18.5 %) 45 11 (24.4 %) 0.053 
  Hepato-jugular reflux 1

1

7 

19 (16.2 %) 45 4 (8.9 %) 27 6 (22.2 %) 45 9 (20.0 %) 0.23 

  Lower extremity edema (y/n) 1

1

7 

64 (54.7 %) 45 20 (44.4 %) 27 18 (66.7 %) 45 26 (57.8 %) 0.17 

  Crackles 1

1

7 

52 (44.4 %) 45 7 (15.6 %) 27 15 (55.6 %) 45 30 (66.7 %) <0.0001 
Laboratory          

  Creatinine (mg/L) 1

1

7 

13.38 ± 10.03 45 12.15 ± 10.16 27 13.51 ± 6.58 45 14.55 ± 11.56 0.53 
  eGFR MDRD 

(mL/min/1,73m²) 

1

1

6 

60.11 ± 27.51 45 67.29 ± 28.52 26 59.65 ± 28.58 45 53.20 ± 24.46 0.051 

  Sodium (mmol/L) 1

1

5 

135.90 ± 5.56 44 135.25 ± 5.96 27 136.96 ± 4.29 44 135.89 ± 5.84 0.46 

  BNP (pg/mL) 8

6 

946.43 ± 1016.76 31 650.74 ± 1258.27 18 912.83 ± 958.86 37 1210.51 ± 

734.73 

0.075 
  NT-proBNP (pg/mL) 1

5 

2815.47 ± 3740.83 6 1912.50 ± 

3762.57 

6 2613.83 ± 

2942.27 

3 5024.67 ± 

5570.76 

0.53 

  Potassium (mmol/L) 9

9 

4.47 ± 0.76 37 4.40 ± 0.71 20 4.51 ± 0.79 42 4.52 ± 0.80 0.78 
  Hemoglobin (g/dL) 1

1

7 

12.36 ± 2.03 45 12.92 ± 1.95 27 12.29 ± 2.35 45 11.84 ± 1.79 0.040 

Radiology          
  Cardiomegaly 1

1

7 

68 (58.1 %) 45 18 (40.0 %) 27 17 (63.0 %) 45 33 (73.3 %) 0.005 

  Pulmonary congestion 1

1

7 

59 (50.4 %) 45 10 (22.2 %) 27 18 (66.7 %) 45 31 (68.9 %) <0.0001 

  Pleural effusion 1

1

7 

35 (29.9 %) 45 12 (26.7 %) 27 7 (25.9 %) 45 16 (35.6 %) 0.62 
  Pneumonia 1

1

7 

39 (33.3 %) 45 21 (46.7 %) 27 7 (25.9 %) 45 11 (24.4 %) 0.069 

Brest score          
  Continuous 1

1

7 

5.93 ± 2.66 45 4.67 ± 2.44 27 6.59 ± 2.63 45 6.80 ± 2.44 0.0001 

  Categorized 1

1

7 

 45  27  45  0.011 

  (0-3)  22 (18.8 %)  14 (31.1 %)  5 (18.5 %)  3 (6.7 %)  
  (4-8)  75 (64.1 %)  28 (62.2 %)  16 (59.3 %)  31 (68.9 %)  

  (9-15)  20 (17.1 %)  3 (6.7 %)  6 (22.2 %)  11 (24.4 %)  
Diagnosis of AHF          

  Emergency Department 1

1

7 

63 (53.8 %) 45 11 (24.4 %) 27 16 (59.3 %) 45 36 (80.0 %) <0.0001 

  At hospitalization discharge 1

1

7 

73 (62.4 %) 45 11 (24.4 %) 27 19 (70.4 %) 45 43 (95.6 %) <0.0001 

BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure, SpO2, peripheral 

oxygen saturation; NYHA, New York Heart Association; eGFR, estimated glomerular filtration rate; 

MDRD, modification of diet in renal disease, BNP, B-type natriuretic peptide; NT-proBNP, N-terminal 

proBNP; AHF, acute heart failure; SD, standard deviation. 
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Table 2: Phenotype description of risk groups in the validation cohort (REMI and Nancy AHF cohorts) 

 

 
Overall cohort (n=130) 

Low-risk 

(n=80) 
High-risk (n=29) Very high-risk (n=21) 

 

 
N 

Mean ±SD 

n(%) 
N 

Mean 

±SD 

n(%) 

N 
Mean ±SD 

n(%) 
N 

Mean ±SD 

n(%) 
P-value 

Clinical 

characteristics 

 Age (years) 130 63.14 ± 12.65 80 
60.21 ± 

11.05 

2

9 
63.79 ± 13.51 21 73.38 ± 12.26 <0.0001 

 Gender 

(men) 
130 43 (33.1 %) 80 

21 (26.2 

%) 

2

9 
7 (24.1 %) 21 15 (71.4 %) 0.0005 

 SBP 

(mmHg) 
103 123.83 ± 19.84 70 

125.07 ± 

19.23 

2

3 
126.48 ± 17.61 10 109.00 ± 24.36 0.042 

 DBP 

(mmHg) 
103 75.19 ± 13.33 70 

76.23 ± 

12.86 

2

3 
76.26 ± 13.67 10 65.50 ± 13.22 0.052 

 Hearth rate 

(bpm) 
103 77.78 ± 16.79 71 

74.44 ± 

15.15 

2

3 
78.74 ± 15.52 9 101.67 ± 13.46 <0.0001 

Laboratory          

 BNP 

(pg/ml) 
128 635.82 ± 969.31 79 

341.32 ± 

461.28 

2

8 
519.07 ± 679.66 21 1899.38 ± 1573.10 <0.0001 

 Sodium 

(mmol/L) 
125 139.11 ± 2.92 75 

139.41 ± 

2.58 

2

9 
138.97 ± 2.91 21 138.24 ± 3.87 0.25 

SBP, systolic blood pressure; DBP, diastolic blood pressure; bpm, beats per minute; BNP, B-type natriuretic 

peptide; SD, standard deviation. 

 

 


