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Background: Dyspnea is a frequent symptom in emergency departments (ED) with multifactorial causes, including cardiac and 
pulmonary conditions. Accurate and timely diagnosis is crucial to guide appropriate management and improve patient outcomes. 
Machine learning (ML) may aid this process.
Methods: This retrospective study analyzed 787 adult patients presenting with dyspnea to the ED at Kantonsspital Baselland 
(Switzerland) in 2022. Clinical, laboratory, diagnostic data and final diagnoses were collected. ML models including decision trees, 
random forest and boosted decision trees were trained to classify dyspnea etiologies (cardiac vs respiratory) and predict final 
diagnoses. Performance metrics included accuracy, sensitivity, and specificity.
Results: The most common diagnoses were decompensated heart failure (28.4%), pneumonia (26.4%), and COVID-19 (17%). Binary 
classification into cardiac vs respiratory causes achieved the highest performance (accuracy: 89.6% with boosted trees). Multiclass prediction of 
specific diagnoses yielded lower performance (accuracy: 36.8%). CRP, BNP, and cough emerged as key predictive features consistent with 
established clinical knowledge, supporting model interpretability. Comorbidities, though clinically relevant, showed limited predictive value.
Conclusion: ML algorithms show promise in supporting triage by distinguishing broad etiological categories of dyspnea, such as 
respiratory versus cardiac origins. While the models demonstrate useful classification performance, their limited sensitivity for specific 
diagnoses underscores the need for larger, more diverse datasets and advanced modeling approaches.

Plain Language Summary: People often come to the emergency department with shortness of breath, a symptom also called 
dyspnea. This can be caused by different health conditions, especially those affecting the heart or lungs. Quickly understanding the 
cause of dyspnea is important to ensure patients receive the right treatment. 

Our research team wanted to find out whether computer tools known as machine learning models could help doctors to better 
identify what is causing a person’s breathing problem. We analyze real-life data from 787 adults who came to the emergency 
department at Kantonsspital Baselland in Switzerland during 2022. For each person, we collected information like symptoms, lab 
results, and final diagnoses. 

We tested different types of machine learning models to classify whether the cause of a patient’s shortness of breath was related to the 
heart (for example, heart failure) or to the lungs (such as pneumonia or COVID-19). One model, called a boosted decision tree, was able to 
do this correctly almost 90% of the time. However, predicting the exact diagnosis was more challenging, with a lower accuracy. The most 
helpful indicators for the models were blood markers of inflammation, a heart-related hormone, and whether the patient had a cough. 

These results suggest that machine learning tools could support emergency teams by helping to rapidly distinguish between heart- 
and lung-related causes of shortness of breath. Further research using larger and more diverse patient groups will be needed to improve 
the accuracy and usefulness of these tools in clinical practice. 
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Introduction
Dyspnea, or difficulty breathing, is a frequent reason for emergency department (ED) visits, accounting for nearly 
six million visits in the United States in 2021 alone.1 Globally, it represents 5% of ED visits, 10% of general ward 
admissions, and 20% of ICU admissions, with an overall in-hospital mortality of 5%.2,3 The causes of dyspnea are 
diverse, ranging from common conditions such as lower respiratory tract infections, heart failure, COPD exacerbations, 
and asthma to rarer causes including pulmonary embolism, anaphylaxis, or pneumothorax.3–9

Timely and accurate diagnosis is essential for initiating effective treatment. However, studies report diagnostic 
discordance rates between 15% and 30%, which may delay treatment and worsen outcomes.10–13 Emergency physicians 
often face significant time pressure, incomplete information, and reliance on heuristics or initial impressions, which can 
contribute to diagnostic errors.12,14–16 Additionally, the broad differential diagnosis and variability in patient presenta
tions (eg, age, comorbidities) further complicate the clinical assessment.

Cardiac and pulmonary causes often overlap, as both can present with similar symptoms such as dyspnea and chest 
discomfort. Moreover, coexisting conditions are frequent, making diagnosis even more challenging.17–21

Clinicians rely on a combination of medical history, physical examination, vital signs, laboratory tests, and imaging to guide 
diagnosis. However, comprehensive workups for all patients can increase ED length of stay, resource use, and patient risk.22

A more targeted approach could improve diagnostic efficiency. Many useful parameters such as triage vitals, 
presenting symptoms, medical history, and basic lab results are available shortly after patient arrival and could support 
early risk stratification and decision-making.

Given the complexity and time pressure in the ED, artificial intelligence (AI), particularly machine learning (ML), 
offers promising support for early diagnostic decision-making. ML can analyze large clinical datasets to predict likely 
diagnoses based on patterns in routinely collected variables.23,24 Two common approaches are multilabel (allowing 
multiple concurrent diagnoses) and multiclass classification (assigning a single most likely diagnosis), each with 
advantages and trade-offs in clinical applicability.25,26

Multilabel methods are more faithful to real-world complexity but computationally demanding, whereas multiclass 
methods simplify decision-making at the risk of overlooking comorbid conditions.

Among ML techniques, decision trees provide interpretability and direct mapping to clinical decision pathways.27 

Ensemble approaches, such as random forests and boosting, enhance accuracy by aggregating multiple trees and 
correcting errors iteratively.28 These methods are well suited to healthcare applications, as they manage mixed-type 
data, tolerate missingness, and highlight clinically meaningful thresholds.

Recent studies highlight the growing role of ML in acute care. Hale et al provided a foundational overview of ED 
dyspnea differentials, highlighting the prevalence of serious but initially subtle presentations and underscoring the need 
for structured, early decision support.9

Recent studies have demonstrated the growing role of AI across different medical domains, such as liver disease 
detection using ML28 and apnea/hypopnea classification through fuzzy expert systems.29 While these examples under
score the broad importance of developing AI-based diagnostic tools, their focus on diseases outside acute dyspnea further 
highlights the unmet need for similar approaches in the ED context.

Although recent work has demonstrated the potential of deep learning networks for dyspnea classification in the 
ED,30 these methods typically require large, longitudinal datasets and complex architectures that may not be available in 
many healthcare systems. This underscores the importance of parallel research employing simpler and more interpretable 
ML models, which can be trained on routinely collected ED data, provide clinically transparent outputs, and therefore 
have a higher likelihood of real-world integration across diverse clinical environments.

Despite the promise of AI in acute care, the complexity and data requirements of many approaches limit their 
widespread adoption. The Swiss healthcare setting, characterized by universal coverage and structured cantonal hospital 
networks, provides a unique context that may enhance prompt access to diagnostic testing. There is a clear need for 
simpler, interpretable ML models that leverage routinely collected ED data to support clinicians in diagnosing dyspnea 
accurately and efficiently. This study aims to evaluate the potential of such ML tools to improve the timeliness and 
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accuracy of diagnoses in ED patients with dyspnea. Additionally, it seeks to provide insight into real-world patient 
characteristics and diagnostic challenges in a Swiss cantonal hospital.

Methods
Study Design and Setting
This retrospective observational study analyzed routine clinical data from adult patients presenting with dyspnea at the 
ED of the Cantonal Hospital of Baselland (KSBL) between January and December 2022. The hospital serves 
a population of 280,000 in northwest Switzerland.31

Eligibility Criteria and Data Source
Patients hospitalized at KSBL and discharged in 2022 with dyspnea as a primary complaint were eligible (n = 822). 
Cases were identified via DaWiMed software (ID Suisse AG), which searched medical records for mentions of dyspnea 
and synonyms.32 Manual review supplemented the automated process to include missed cases (false negatives) and 
exclude false positives or cases lacking a clear cause. Cases were excluded if the patient presented with dyspnea but was 
in fact hospitalized and treated for a primary diagnosis unrelated to the dyspnea episode. In other words, dyspnea was 
a concomitant or incidental symptom rather than the chief complaint driving the clinical encounter. For multiclass 
classification, only patients with a single final diagnosis were included.

Data Collection and Variables
Patient records were manually reviewed by trained investigators (E.D., G.L-C., M.K.M., M.M.S). using the KISIM® 

clinical information system.). Data were recorded in REDCap®, a secure platform for clinical research.33,34

Extracted variables included:

● Demographics and comorbidities: age, sex, smoking status, cardiovascular and pulmonary comorbidities.
● Symptoms and severity: acute vs chronic dyspnea, classified according to the New York Heart Association (NYHA) 

functional classification.35

● Vital signs: heart rate, blood pressure, respiratory rate, oxygen saturation, temperature.
● Laboratory and diagnostic data: routine labs, ECG, imaging, and other tests performed in the ED.
● Outcomes: discharge diagnosis, hospital length of stay, post-discharge procedures, and 1-year rehospitalization.

To ensure data quality, a second investigator independently reviewed a subset of records. Extreme values (top and bottom 
five) were checked for plausibility.

Statistical Analysis and Machine Learning Models
Feature Selection and Engineering
All extracted clinical and laboratory variables considered clinically relevant were initially included. No automated feature 
selection, dimensionality reduction, or creation of composite features was performed; instead, we prioritized including all 
available clinically meaningful predictors. Descriptive statistics were computed as counts and percentages for categorical 
variables and medians with interquartile ranges for continuous variables. For machine learning (ML), variables with 
≤40% missing data were imputed using k-nearest neighbor.36,37 Classification models were trained on a 70/30 split 
(training/test sets) using R packages including rpart, randomForest, and xgboost.

Multiclass classification algorithms were built for the following target variables:

1. Final diagnosis (12 classes as seen in Table 1)
2. Diagnosis type: (4 classes: “respiratory”, “cardiac”, “both”, other)
3. Exclusive diagnosis type: (2 classes: “respiratory”, “cardiac”)
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The classification for the target variables “Diagnosis type” and “Exclusive diagnosis type” was done as follows:

● Respiratory diagnoses: pneumonia, asthma exacerbation, COPD exacerbation, COVID-19, respiratory tract infections
● Cardiac diagnoses: pulmonary embolism, acute coronary syndrome, decompensated heart failure, arrhythmia
● Other: anaphylactic reaction, panic attack or anxiety, other

In the models built for “Final diagnosis (12 classes)”, cases with more than one final diagnosis were excluded from the 
analysis. In the models built for “Exclusive diagnosis type (2 classes)”, patients with more than one diagnosis of different 
types, or diagnosis of type “other” were excluded from the analysis. This step was necessary to allow unambiguous 
classification during model training and to avoid noise in the outcome labels. However, these exclusions reflect a “best- 
case” diagnostic scenario. All ML models were built on the imputed data set. For the ML models, data was split into 
training (70% training set, 30% test set). Data imputation and analysis were performed with R version 4.1.0 using the 
packages “bnstruct”, “rpart”, “randomForest”, and “xgboost”.38 Class imbalance was present, as some diagnoses (eg, 
decompensated heart failure, pneumonia) were much more frequent than others (eg, pulmonary embolism, asthma). No 
resampling was applied; instead, performance metrics were reported per class to highlight this limitation.

Multiclass Classification
Simple Decision Trees
Simple decision trees were built on the training set and plotted. Accuracy (with 95% confidence interval), sensitivity and 
specificity were evaluated for the test set. To preserve interpretability, no hyperparameter tuning was applied.

Random Forest Models
Random forest models were optimized for the number of trees and the number of features considered at each split node (mtry). 
Hyperparameter tuning was performed using the tuneRF() function from the randomForest package. Starting from the default 
mtry value (number of predictors/3), candidate values were iteratively adjusted with stepFactor = 1.5. At each step, a random 
forest with ntreeTry = 100 trees was grown, and the out-of-bag (OOB) error rate was computed. The search stopped when the 
relative improvement in OOB error fell below the predefined threshold (improve = 0.01). The mtry value that minimized OOB 

Table 1 Final Diagnosis/Outcome

All (n=787)

Final Diagnosis n (%)

Pneumonia 208 (26.4)

Pulmonary embolism 51 (6.5)
Asthma exacerbation 28 (3.6)

COPD exacerbation 97 (12.3)
Acute coronary syndrome 91 (11.6)

Decompensated heart failure 244 (28.4)

COVID-19 134 (17)
Respiratory tract infection 51 (6.5)

Arrhythmia 72 (9.1)

Other 127 (16.1)

Outcome n (%)

Discharged home/Care facility 646 (82)

Other hospital/inpatient rehabilitation 94 (11.9)

Death 48 (6.1)
Length of stay median [IQR] in days 7 [4–10]
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error was selected, and the final model was trained with ntree = 150 trees and the optimized mtry value. Variable importance 
was assessed via mean decrease in Gini index, and model performance was evaluated on the test set.

Decision Tree Boosting
Boosted decision trees were built with a maximum tree depth of 3, learning rate of 0.1, subsampling rate of 0.6 for rows, 
and 0.8 for features.

Multilabel Classification
Multilabel classification was performed using a problem transformation approach, where the multilabel problem was 
converted into multiple binary classification tasks using the “Binary Relevance” method. Model training was conducted 
on the training dataset, with separate binary classifiers trained for each label. Predictions were made on the test dataset, 
and performance was evaluated for each label using accuracy, sensitivity, and specificity. Metrics were not averaged 
across labels. To assess whether the model’s accuracy significantly exceeded that of the No Information Rate (NIR), 
McNemar’s test was conducted for each label at a significant level of 0.05.

Results
Baseline Characteristics
In 2022, 822 patients were hospitalized via the ED with dyspnea as the primary complaint. After excluding 35 cases with 
no identified etiology, 787 cases were included. The baseline characteristics are presented in Table 2.

The median age was 76 years (range 15–99), and 56.5% were male. Most cases involved acute dyspnea (85%), while 
14% had acute on chronic dyspnea. Chronic dyspnea without exacerbation was rare (0.4%).

Common comorbidities included hypertension (67.6%), heart failure (32.4%), diabetes mellitus (28.1%), coronary 
artery disease (29.2%), arrhythmia (30.5%), COPD (19.9%), and depression (10.8%). Pulmonary embolism (8.4%), 
cerebrovascular disease (11.9%), and prior COVID-19 infection (10.7%) were also observed.

Presenting symptoms included cough (42.3%), sputum production (19.3%), chest pain (18.4%), and fever (14.7%). 
Peripheral edema was noted in 7.5%, and calf pain in 1.1%. Smoking status was documented in 42% of patients; of these, 
44% were current smokers, 45% former, and 11% non-smokers.

Vital signs on admission showed that 27% of patients had a systolic blood pressure <120 mmHg, 31% had values 
between 120–140 mmHg, and 42% exceeded 140 mmHg. Tachycardia (heart rate >100 bpm) was observed in 29%, and 
oxygen saturation without supplementation was <92% in 27%. The median oxygen flow rate was 3 L/min, and fever 
≥38°C was documented in 15.6% of cases.

The most common diagnostic tests performed included EKG (87.9%), chest X-ray (40%), and thoracic CT (37.8%). 
Lung ultrasound (4%), echocardiography (5%), and emergency coronary angiography (4.3%) were infrequently used. 
Lung auscultation was documented in 93% of patients, revealing crackles in 36%, wheezing in 18%, and absent breath 
sounds in 25%. One-third of patients also had documentation of clinical signs, most commonly peripheral edema (87%) 
and jugular venous distension (41%).

Availability of diagnostic tests varied: CRP was available in 95% of patients, BNP in 70%, and chest imaging in 40%. 
Symptoms and clinical findings were less systematically documented, reflecting variability in routine ED practice.

The final diagnosis was most commonly decompensated heart failure (28.4%), followed by pneumonia (26.4%) and 
COVID-19 (17%). Other frequent diagnoses included COPD exacerbation (12.3%), acute coronary syndrome (11.6%), 
arrhythmia (9.1%), and pulmonary embolism (6.5%). Notably, 253 patients received multiple diagnoses considered relevant 
for their dyspnea: 198 had two, 45 had three, and 10 had four diagnoses. Details about final diagnosis can be found in Table 1.

As for outcomes, 82% of patients were discharged home or to a care facility, 12% were transferred to another hospital 
or inpatient rehabilitation, and 6% died. The median length of stay was 7 days (IQR 4–10). Details about outcomes can 
be found in Table 1.
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Table 2 Baseline Characteristics

All (n=787) Missing n (%)

Demographic / Baseline

Age median [IQR] in years 76 [66;84]

Gender (males) 445 (56.5)
BMI median [IQR] 26.9 [23.7;31.6] 380 (48.3)

Type of Dyspnea 10 (1.3)

Acute Dyspnea 664 (85.5)
Acute on chronic Dyspnea 110 (14.2)

Chronic Dyspnea 3 (0.4)

Comorbidities n (%)

Heart failure 255 (32.4)
Coronary heart disease 230 (29.2)

Arterial hypertension 533 (67.6)

Dyslipidemia 251 (31.9)
Arrhythmia 240 (30.5)

PAVK 82 (10.4)

Cerebrovascular disease 94 (11.9)
COPD 157 (19.9)

Asthma bronchial 63 (8)

Pulmonary embolism 66 (8.4)
Status post COVID-19 84 (10.7)

Diabetes mellitus 221 (28.1)

OSAS 83 (10.5)
Depression 85 (10.8)

Tumor 163 (20.7)

Symptoms

Cough 333 (42.3)
Sputum production 152 (19.3)

Nasal congestion 24 (3.1)

Chest pain 145 (18.4)
Peripheral edema 59 (7.5)

Calves pain 9 (1.1)

Fever 116 (14.7)
Other 260 (33)

Smoking status 457 (58.1)

Reported 330 (41.9)

Current smoking 147 (44.4)
Former smoking 148 (44.8)

Nonsomkers 35 (10.6)

Vital signs at admission

Systolic blood pressure (in mmHg) 48 (6.1)

< 120 mmHg 199 (26.9)

120–140 mmHg 232 (31.2)
> 140 mmHg 308 (41.7)

(Continued)
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Machine Learning
Three machine learning models were used to predict the etiology of dyspnea: Standard Decision Trees, Random Forests, 
and Boosted Decision Trees. Among them, Boosted Decision Trees performed best in binary classification tasks, 
achieving an accuracy of 89.6%. Random Forests followed closely at 88%. In contrast, standard Decision Trees resulted 
in lower performance, particularly for single final diagnosis prediction, with accuracy dropping to 36.8%. Details about 
models’ accuracy can be found in Table 3.

The decision tree models utilized variables such as clinical symptoms, vital signs, and laboratory results. Parameters 
like CRP, BNP, and cough emerged as key discriminators between cardiac and respiratory causes. Figure 1 illustrates the 
decision tree for binary classification (respiratory vs cardiac), which included only cases with clearly assignable causes 
(n=542). Cough was the most important variable, and the model achieved an accuracy of 84.66% (95% CI: 78.2–89.8%).

Figure 2A and B. illustrate the expanded model to four diagnostic groups: cardiac, respiratory, combined cardiac and 
respiratory, and other causes. This multi-class model showed a lower accuracy of 57.8% (95% CI: 51.2–64.2%).

The relative importance of variables in the Random Forest model was assessed using the Mean Decrease Gini. CRP 
was the most important feature (Gini = 27.6), followed by BNP (23.7), cough (21.2), body temperature (16.6), and 
creatine kinase (14.9).

A third model attempted to predict specific final diagnoses (n=9 categories) or relevant combinations. Diagnoses were 
grouped based on pathophysiological mechanisms: respiratory infections (COVID-19 and other RTIs), obstructive lung 
disease (asthma and COPD exacerbations), and ADHF alone or in combination with other conditions. While conceptually 
informative, the overall classification accuracy of this approach was only 36.8% (95% CI: 30.4–43.6%), indicating 
significant overlap in clinical features across diagnostic categories.

Table 2 (Continued). 

All (n=787) Missing n (%)

Heart rate 47 (6.0)

< 60 bpm 43 (5.8)
60–100 bpm 482 (65.1)

> 100 bpm 215 (29.1)

Oxygen saturation 2 / 556 (0.4)
(without oxygen supplementation, n = 556)

< 92% 150 (27.0)

≥ 92% 404 (72.7)
Oxygen saturation 27 / 231 (11.7)

(with oxygen supplementation, n = 231)

< 92% 49 (21.2) 32/231 (13.9)
≥92% 155 (67.1)

Amount of oxygen supplied (in l/min), n = 231 3 (2;5)

Temperature 107 (13.6)
< 38 °C 557 (70.8)

≥38 °C 123 (15.6)

Table 3 Comparison of Model Accuracy

Binary Group Quadruple Group Single Diagnosis

Standard Decision Tree 0.85 0.58 0.37

Random Forest 0.88 0.64 0.50

Boosted Decision Tree 0.89 0.69 0.49
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Discussion
Clinical Findings
This study examined the application and diagnostic accuracy of machine learning tools in identifying the underlying 
causes of dyspnea in hospitalized patients presenting to the ED. In our cohort, the leading diagnoses were heart failure, 
pneumonia, and COVID-19. These findings mirror international data on dyspnea etiologies8 but also reflect the pandemic 
context, which limits comparability with pre-pandemic cohorts.39 This underscores the importance of interpreting 
diagnostic distributions within their temporal and regional context.40

Machine Learning and Diagnostic Accuracy
We evaluated ML models to assess their potential in identifying causes of dyspnea. Decision trees achieved 84.66% 
accuracy (95% CI: 78.2–89.82%) in distinguishing between cardiac and respiratory causes but performed poorly when 
predicting specific final diagnoses (accuracy: 36.82%). This disparity highlights the models’ limited granularity and their 
reliance on data completeness. This lower accuracy may reflect both the small size of some diagnostic groups and the 
considerable overlap in clinical features between conditions such as pneumonia, COVID-19, and COPD exacerbations, 
highlighting the inherent diagnostic complexity of dyspnea presentations. These overlapping pathologies diluted the 
discriminatory signal of single-class models and contributed to reduced predictive performance. While this complexity 
limits model accuracy, it reflects the real-world diagnostic challenge in emergency medicine.

Emergency care involves diverse diagnostic processes, and while certain lab tests are quickly and broadly available 
(eg, CRP, BNP), detailed clinical assessments are time-consuming and not always feasible. Thus, missing data may 
impair model training.

Despite these limitations, key features, such as CRP, BNP, and the symptom “cough”, showed high discriminatory 
value. CRP, typically elevated in infections like pneumonia, and BNP, associated with cardiac stress, have both been 
validated in prior studies. Morrison et al reported BNP’s high sensitivity (86%) and specificity (98%) for differentiating 
cardiac from pulmonary causes.41 Joffe et al confirmed CRP’s role in distinguishing pneumonia from heart failure.42 To 

Figure 1 Decision tree for binary classification of dyspnea etiology (cardiac vs respiratory). The bold label (CARD or RESP) indicates the more likely diagnosis at that 
decision point. The bold probability number corresponds to that likely diagnosis, while the non-bold probability number represents the alternative diagnosis. The percentage 
shown at the bottom of each box indicates the proportion of patients remaining at that stage of the decision tree.
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Figure 2 (A) Decision tree for multi-class classification of dyspnea etiology (cardiac, respiratory, combined cardiac–respiratory, or other causes), part A. The bold label 
indicates the most likely diagnosis at each decision point. The bold probability number corresponds to that diagnosis, while the non-bold probability numbers represent the 
alternative probabilities. The percentage at the bottom of each box shows the proportion of patients remaining at that stage of the decision tree. (B) Decision tree for multi- 
class classification of dyspnea etiology (cardiac, respiratory, combined cardiac–respiratory, or other causes), part B. The same conventions apply as in (A) bold labels and 
bold numerical values represent the most likely diagnosis; non-bold numbers indicate alternative probabilities; and percentages at the bottom denote the proportion of 
patients remaining at each stage.
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ensure clinical plausibility, we applied feature importance analysis (Gini index) across all models, which confirmed that 
predictive variables aligned with established pathophysiology.

Integrating such markers into a simplified decision tool could support triage. Examples like CURB-65 (for pneumo
nia) and NT-proBNP-guided heart failure management illustrate the utility of parameter-driven approaches.43–46 While 
our limited feature set precludes development of a standalone score, combining these variables with demographic and 
clinical data could enhance diagnostic workflows in future applications.

Our cohort also exhibited frequent comorbidities, particularly arterial hypertension, diabetes, and coronary artery 
disease, conditions that increase the risk of heart failure. Prior studies21,30 affirm the relevance of comorbidities in risk 
stratification. Despite their clinical relevance, comorbidities demonstrated a low Gini index in our machine learning 
algorithms, indicating limited predictive utility in this specific context. One possible explanation is that while comorbid
ities provide background information, they might be non-specific and do not directly distinguish between the multi
factorial causes of dyspnea. The complexity of dyspnea’s etiology, where overlapping cardiac and pulmonary conditions 
often coexist, might dilute the weight of comorbidities as individual predictive factors. Additionally, the algorithms may 
prioritize acute clinical parameters, such as vital signs and specific diagnostic tests, over chronic background conditions, 
as suggested by Heymann et al, who noted the higher diagnostic weight of real-time clinical variables.30

Compared with prior ML applications in ED or respiratory diagnostics, our models achieved similar accuracy in 
broad differentiation (cardiac vs respiratory causes) but diverged in two important ways: first, by focusing specifically on 
undifferentiated dyspnea rather than isolated conditions (eg, pneumonia or heart failure alone); and second, by demon
strating how missing or incomplete features in routine ED data directly constrain diagnostic granularity. This focus on 
dyspnea as a heterogeneous syndrome, rather than a single disease entity, highlights the novelty of our approach and its 
relevance for real-world ED workflows.

Strengths and Limitations
The low sensitivity of ML models for specific diagnoses can be attributed to limitations that directly affect model training 
and validation. First, retrospective data collection introduced missing or inconsistent features, particularly for symptoms 
and physical findings. This limited data quality reduces model generalizability and increases the risk of overfitting to the 
available features while ignoring real-world variability. Second, overlapping clinical presentations (eg, COVID-19 vs 
pneumonia) limited the models’ ability to learn distinct diagnostic patterns. Third, less common diagnoses were under
represented, leading to class imbalance and skewing predictions toward more prevalent conditions. Additionally, the 
exclusion of patients with multiple diagnoses in certain models may introduce selection bias and reduce generalizability, 
as many patients in emergency care present with overlapping cardiac and respiratory conditions. Although multilabel 
classification was performed to partially address this, the Binary Relevance approach does not capture correlations 
between diagnoses, which could further limit model performance. These aspects highlight the need for future work using 
methods that better reflect the complexity of real-world diagnostic overlap.

The study’s strengths include using real-world data from a typical hospital population, having very complete lab data, 
and combining clinical knowledge with algorithm-based analysis. However, the results should still be interpreted 
carefully because of the study’s limitations. In particular, the Swiss healthcare setting, characterized by universal 
coverage and structured cantonal hospital networks, may limit the direct generalizability of our findings to healthcare 
systems with different resource availability.

Future Studies
To improve model robustness and diagnostic accuracy, future studies should incorporate larger, multicenter datasets. 
Broader patient representation can reduce selection bias and improve generalizability. Furthermore, the application of 
more sophisticated techniques, such as deep learning, could enable better handling of complex, non-linear patterns.

Prospective studies are also needed. Unlike retrospective designs, prospective data collection ensures consistent 
documentation, reduces bias, and allows for better evaluation of model performance in real-time clinical settings.

While multimodal data (eg, imaging, continuous monitoring, or free-text notes) could further improve accuracy, our study 
specifically targeted admission-available data to support clinicians in their earliest decision-making; however future research 
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may explore hybrid models that first provide an admission-based prediction and later update performance as additional 
modalities (eg, imaging or EHR text) become available, thereby combining timeliness with improved diagnostic accuracy.

Integrating AI Into Clinical Practice: Benefits and Challenges
AI-based decision support could offer clear potential to support clinical workflows, particularly under time constraints. In 
the context of dyspnea, early differentiation between cardiac and respiratory etiologies could streamline investigations, 
accelerate treatment, and reduce morbidity. However, ethical challenges must be addressed before widespread imple
mentation. Over-reliance on AI could lead to missed diagnoses, especially if clinicians defer to algorithms without 
critical assessment. Less experienced staff may be particularly susceptible to this risk. Therefore, AI systems must be 
designed as decision aids, not replacements for clinical reasoning. Clear guidelines should accompany implementation, 
outlining the intended use and limitations of AI tools. Validation in diverse clinical environments is essential to ensure 
reliable performance across different populations and healthcare systems. Future research should also investigate how AI 
influences clinician behavior, decision-making, and patient outcomes. Understanding these dynamics will be key to 
ensuring safe, effective, and ethically responsible adoption.

Conclusions
AI is poised to play an increasingly important role in emergency and acute care. In patients with dyspnea, ML tools can 
aid initial triage by rapidly identifying etiologies, guiding early diagnostics, and supporting resource allocation. However, 
current models lack sufficient accuracy to guide specific diagnoses reliably and should not replace clinical judgment.

Key parameters such as CRP, BNP, and cough emerged as valuable features for distinguishing between cardiac and 
respiratory causes, underscoring their potential role in simplified diagnostic tools. Although comorbidities provide 
important clinical context, they demonstrated limited predictive value in this setting.

To enhance AI integration into emergency care, future efforts should focus on prospective, multicenter studies, the 
use of advanced modeling techniques, and thorough evaluation of real-world impact. Ensuring that AI tools are used 
ethically, transparently, and in conjunction with clinical expertise will be essential for delivering safe and effective care. 
Before clinical implementation, prospective validation and real-time testing will be essential to confirm robustness and 
applicability in diverse emergency care settings.
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