A fusion method combining LSTM and MLP for predicting the risk of death in patients admitted to the ICU for coronary artery disease
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Abstract—Globally, coronary artery disease is a leading cause of death. Currently, there are various tools available for diagnosing coronary artery disease, such as electrocardiograms, coronary angiography, and biomarkers. However, tools for assessing prognosis are limited and tend to focus on static data, neglecting the role of time-series data in reflecting changes in patient condition. The application of machine learning in disease prognosis assessment is increasingly gaining attention. Data related to CAD patients were extracted from the MIMIC-IV database. An end-to-end LSTM and MLP fusion model was constructed to predict patients' 30-day mortality risk, with AU-PRC as the primary evaluation metric. This model was compared with clinical scores such as SOFA, SAPS II, LODS, and OASIS, as well as traditional machine learning models like logistic regression, random forest, LightGBM, and XGBoost. The results showed that the end-to-end LSTM and MLP fusion model performed best among all models, achieving an AU-PRC of 0.5866 on the test set, significantly outperforming traditional clinical scores (e.g., SAPS II, AU-PRC = 0.3127) and the best-performing traditional machine learning model (LightGBM, AU-PRC = 0.5614). Compared to clinical scores and traditional machine learning models, our proposed end-to-end fusion model can more effectively utilize dynamic time series data, thereby significantly improving the predictive ability of mortality risk for coronary heart disease ICU patients. 
Keywords—CAD, MIMIC-IV, Mortality Prediction, LSTM.
Introduction 
Coronary artery disease (CAD) is a common heart condition characterized by the formation of atherosclerotic plaques within the arterial lumen. In hospital wards, particularly in intensive care units, acute coronary syndrome (ACS) results in extremely high mortality rates. Studies indicate that the in-hospital mortality rate for ACS patients exceeds 5%, and in specific high-risk subgroups, this rate may reach as high as 26.7% [1]. Coronary artery disease impairs blood flow, thereby limiting the heart's ability to deliver oxygen. It is a leading cause of morbidity and mortality in the United States and worldwide. Generally, CAD often coexists with various cardiovascular and metabolic diseases. Numerous clinical studies have focused on identifying risk factors associated with poor outcomes in CAD patients. In addition to traditional demographic factors such as age and gender [2], studies have demonstrated that various biomarkers and physiological indicators, such as the glycated hemoglobin index (HGI), triglyceride-glucose (TyG) index, and neutrophil-to-lymphocyte ratio, are significantly associated with mortality risk in CAD patients [3]-[6]. These findings provide important criteria for feature selection in the construction of risk models.
How to effectively integrate scattered static indicators with patients' continuous dynamic physiological changes remains a major challenge in the field of prognosis assessment for CAD patients. For a long time, clinical practice has relied on traditional clinical scoring systems, such as GRACE, TIMI, and SOFA [7]-[9]. These scoring systems play an extremely important role in clinical decision-making [10], but their limitations are becoming increasingly apparent. For example, they typically rely on a limited number of variables, assume a linear relationship between risk factors and outcomes, and are mostly static, unable to capture the dynamic changes in a patient's physiological state. Therefore, when applied to patient populations with high heterogeneity, the predictive performance of these traditional scoring systems often falls short [11].
The rise of machine learning has brought about a change in this phenomenon. Machine learning methods can analyze large amounts of high-dimensional data, reveal complex nonlinear relationships, and integrate multiple types of data. In this way, more accurate prediction models can be created [1]. To overcome the limitations of clinical scoring, researchers have turned to machine learning methods that can handle high-dimensional data and reveal nonlinear relationships. Tingting Shu et al. developed a model using machine learning methods to assess the risk of emergency IHD patients being transferred to the intensive care unit and the risk of death at different time points, with the potential to help triage emergency room IHD patients [12]. Huazhong Yang et al. achieved higher performance in predicting CHD patients using an improved LightGBM model [13]. Haleh Ayatollahi et al. also demonstrated the potential of machine learning models in distinguishing CAD data [14]. Khan et al. utilized a one-dimensional convolutional neural network to diagnose patients at an early stage [15]. Xuping Lin et al. constructed a predictive model using Xgboost and RDF, achieving an AUC of 0.835 in predicting 30-day mortality, significantly outperforming the SOFA score [16]. Shixuan Peng et al. developed a model to predict in-hospital mortality in myocardial infarction patients, achieving an AUC of 0.846, higher than the 0.757 of the SOFA score model [17]. Jun Li et al. built a machine learning model based on the XGBoost algorithm that can effectively predict in-hospital mortality in AHF patients admitted to the ICU, outperforming traditional logistic regression models and commonly used clinical scoring systems [18]. However, these models typically convert dynamic time-series data (such as continuous vital signs) into static features through aggregation (e.g., calculating means, maximums, etc.) when processing clinical data. While this simplifies the problem, it also ignores the valuable time-dependent and dynamic trends in the data, which are crucial for reflecting the real-time evolution of a patient's condition.
With the development of deep learning, recurrent neural networks (RNNs) have provided powerful tools for directly modeling time-series data. Yuwen Chen et al. developed and validated an attention-based time convolutional network (Attention-based TCN) model for dynamically predicting the in-hospital mortality risk of ICU patients. For predicting the mortality risk 48 hours after ICU admission, the AUC-ROC was 0.837, and the AUC-PR was 0.454 [19]. Yuhan Deng et al. used the aforementioned three time series models to predict in-hospital mortality, prolonged hospitalization, and 30-day readmission risk for ICU patients, concluding that there was little difference in performance among the three models [20]. Niu Ke et al. proposed a deep multimodal fusion model combining clinical records and time series data, achieving an AUC-ROC of 0.8835 for predicting whether ICU patients would die before discharge, and an AUC-PR of 0.5632 [21]. Shaunak Dalal et al. developed an RNN and LSTM-based model for early and accurate diagnosis of sepsis in non-ICU settings, enabling accurate predictions up to 24 hours before sepsis onset [22]. However, most of these models focus on overall ICU patients or other conditions such as sepsis. For CAD patients, who are equally at high risk, how to effectively fuse these two different modalities of data (dynamic time series and static baseline) in an end-to-end manner to maximize information utilization remains a key challenge in current research.
To address the aforementioned challenges, particularly the effective integration of different clinical data, this study proposes a novel end-to-end deep learning model for predicting the 30-day mortality risk of CAD ICU patients. We designed an architecture that integrates long short-term memory (LSTM) and multi-layer perceptron (MLP) networks. The model can simultaneously process high-frequency time-series data (e.g., vital signs) from the first 24 hours after admission and static baseline features (e.g., demographic information and comorbidities) at admission. By capturing complex temporal dependencies through the LSTM network and integrating static information via the MLP network, our model can learn a more comprehensive and dynamic representation of patient risk.
Materials and Methods
Data Source
This study was designed based on the Medical Intensive Care Unit (MICU) database MIMIC-IV (v3.1). The database contains real-world inpatient data from a tertiary academic medical center in Boston, Massachusetts, USA, spanning the period from 2008 to 2022 [23],[24]. In accordance with the official requirements of the database, researchers must complete the “Protection of Human Research Participants” exam on the National Institutes of Health website and sign a data use agreement before accessing the database. After passing the exam (Record ID: 58289793), we obtained access to the database. This study was conducted in accordance with the Declaration of Helsinki. The establishment of the MIMIC-IV database was approved by the Massachusetts Institute of Technology and Beth Israel Deaconess Medical Center, and the collection of raw data was also approved. Patients in the database are anonymous, so this study does not require an ethics approval statement or informed consent.
Population and Cohort Selection
We identified patients diagnosed with CAD based on the International Classification of Diseases (ICD-9 and ICD-10) codes. The included ICD-9 codes range from 410.xx to 414.xx and 429.2, while the ICD-10 codes range from I20.x to I25.x. The inclusion criteria for this study were: (1) age between 18 and 89 years; (2) ICU stay exceeding 24 hours. Exclusion criteria were: (1) patients over 89 years of age (as age information was standardized in the database); (2) patients admitted to the ICU multiple times for CAD, with only the last admission record retained. After screening, a total of 18,486 patients were included in this study. The detailed cohort screening process is shown in Fig 1.
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[bookmark: _Ref203042393]Fig 1 Flowchart of patient selection
Data Preprocessing
The characteristics included in this study were various data collected within the first 24 hours after the patient was admitted to the ICU, including static characteristics collected once and time-series characteristics collected at regular intervals.
Static features include gender, age, height, weight, ethnicity, marital status, health insurance status, comorbidities, and the category of the first ICU admission. We first calculated the missing rate for each feature, and if the missing rate exceeded 10%, the feature was removed. For categorical features, we merged them based on the actual meaning of their values. For language/ethnicity, we used keyword matching to determine whether the patient spoke English / Spanish, was white / black / Hispanic / Asian, etc. The merging rules for the type of initial ICU admission are shown in Table 1. We then performed one-hot encoding, resulting in a total of 44 static features when combined with numerical features.
[bookmark: _Ref203043627]Table 1 the merging rules for the type of initial ICU admission
	Original value
	Merged value

	Cardiac Vascular Intensive Care Unit (CVICU), Coronary Care Unit (CCU)
	Cardiac

	Medical Intensive Care Unit (MICU)
	MICU

	Medical/Surgical Intensive Care Unit (MICU/SICU)
	MICU/SICU

	Surgical Intensive Care Unit (SICU), Trauma SICU (TSICU)
	SICU

	Neuro Intermediate, Neuro Surgical Intensive Care Unit (Neuro SICU), Neuro Stepdown
	Neuro



Time series features are data collected multiple times during a patient's medical treatment, including data measured and recorded by instruments at a certain frequency and various laboratory test indicators obtained from multiple blood samples. The former includes heart rate, blood pressure, respiratory rate, blood oxygen, and body temperature, while the latter includes hematocrit, hemoglobin, mean corpuscular volume, platelet count, albumin, globulin, blood urea nitrogen, creatinine, triglycerides, and 28 other items.
Since the collection frequency and comprehensiveness of various time series features vary significantly, and analysis of time series features typically requires consistent time intervals, it is necessary to perform preliminary analysis on the collected time series features. We set each hour as a time interval. If a feature has records in at least five intervals for more than 70% of patients, it is retained as a time series feature; otherwise, its mean value is calculated and used as a static feature.
For the retained high-frequency dynamic features, we imputed missing values. First, we imputed missing values with the values from the previous or subsequent sampling time points. If a feature had no values at any time points, we imputed it with the median feature value of all patients in the training set. Under the selected threshold, 7 high-frequency features were retained, and 21 low-frequency features were converted to static features after calculating their mean values, which were then combined with the original 44 static features.
The objective of this study is to predict the risk of death within 30 days of admission to the ICU for patients with coronary heart disease. If the patient's time of death is recorded within 30 days (inclusive) of admission to the ICU, the target variable is marked as 1 (death); otherwise, it is marked as 0 (survival).
Model Architecture
This study proposes an end-to-end deep learning model that aims to effectively integrate dynamic time series data and static baseline features for mortality risk prediction. The core architecture of the model consists of a LSTM module and a MLP module, as shown in Fig 2.
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[bookmark: _Ref203043092]Fig 2 model architecture
The model's input is divided into two parts: 
Time series input (): Includes seven high-frequency dynamic features sampled hourly during the first 24 hours after the patient is admitted to the ICU. Therefore, the shape of the input tensor is, where  is the batch size.
• Static feature input (): Includes 65 baseline features, including demographic information, comorbidities, and aggregated low-frequency time series features.
The time series input is first fed into an LSTM network. Based on the results of hyperparameter optimization, the LSTM network is configured as a single layer () with a hidden layer size of 32 (). We extract the final hidden state vector (dimension 32) of the last time step of the LSTM as the dynamic feature representation of the entire time series.
The dynamic feature vectors obtained are concatenated with the original static feature vectors to form a fused feature vector. This fused vector is then fed into an MLP network serving as a classification head. This MLP contains two hidden layers, each with 128 neurons (), and uses ReLU as the activation function. To prevent overfitting, Dropout is applied after each hidden layer with a probability of 0.45 (). Finally, a single-neuron output layer generates the raw prediction score, which is used for subsequent loss calculation and risk assessment.
Experimental Setup
In our current research, we constructed a machine learning model that integrates LSTM and MLP and compared its performance with that of the baseline model.
This study selected two types of baseline models for comparison. The first type was clinical scoring systems, including SOFA, SAPSII, OASIS, and LODS. The second type was traditional machine learning algorithms, including logistic regression (LR), random forest (RF), XGBoost, and LightGBM.
Common evaluation metrics for classification models typically include AU-PRC (Area Under the Precision-Recall Curve), AU-ROC (Area Under the Receiver Operating Characteristic Curve), Accuracy, Precision, Recall, and F1-Score. AU-PRC and AU-ROC comprehensively consider the model's precision and recall rates, providing a more representative measure of the model's overall performance than metrics such as Accuracy, Precision, and Recall.
Since the target variable in this study, death versus survival, has an imbalanced distribution among patients, with a ratio of approximately 1:6 between positive and negative categories, this can cause AU-ROC to be less sensitive to situations where a large number of negative samples are incorrectly predicted as positive, potentially leading to overly optimistic evaluation results. In contrast, AU-PRC is more sensitive to such situations, as an increase in false positives can significantly reduce precision, thereby also lowering AU-PRC. This is particularly important for imbalanced category tasks. Therefore, this study uses AU-PRC as the primary evaluation metric, while also comparing it with other metrics such as AU-ROC.
Results
Baseline characteristics
We compared some baseline characteristics of patients with different outcomes, and the results are shown in Table 2.
[bookmark: _Ref203047534]Table 2 Baseline characteristics of patients according to survival or dead
	Feature
	Death(N=2412)
	Survival(N=16074)
	All(N=18486)

	Age
	75.97±10.73
	70.37±11.45
	71.05±11.51

	Weight
	79.51±21.47
	86.19±21.27
	85.38±21.41

	Hadmicc
	8.00±2.76
	5.62±2.66
	5.91±2.78

	Sapsii
	49.55±14.61
	37.34±11.71
	38.82±12.74

	Oasis
	37.77±8.90
	31.45±7.83
	32.21±8.23

	Lods
	6.96±3.22
	4.47±2.58
	4.77±2.79

	Ventstatus
	2.37±1.95
	2.12±1.98
	2.15±1.98

	Male
	1495 (62.0%)
	11091 (68.9%)
	12589 (68.1%)

	Female
	917 (38.0%)
	4983 (31.1%)
	5897 (31.9%)



As can be seen from the baseline characteristics table, patients in the death group had higher mean age, lower body weight, higher SAPSII, OASIS, and LOADS clinical scores, more ventilator cycles, and a higher proportion of females, which is consistent with the findings of Achi Haider et al [25].
Model Performance
The performance of different models (or clinical scoring systems) is shown in Table 3. The performance indicators of the models are based on their performance in the test set.
[bookmark: _Ref203047056]Table 3 Model performance
	Model
	AU-PRC
	AU-ROC
	Accuracy
	Precision
	Recall
	F1-Score

	Clinic score

	Sofa
	0.2443
	0.6485
	0.7257
	0.2132
	0.4680
	0.2929

	Sapsii
	0.3127
	0.7505
	0.7933
	0.2969
	0.5135
	0.3762

	Oasis
	0.2757
	0.7004
	0.8129
	0.2905
	0.3749
	0.3274

	Lods
	0.2971
	0.7291
	0.7723
	0.2766
	0.5415
	0.3662

	Static only

	LR
	0.4470
	0.8513
	0.8304
	0.3900
	0.6645
	0.4915

	RF
	0.4740
	0.8637
	0.8469
	0.4196
	0.6294
	0.5035

	Lighr-
GBM
	0.4606
	0.8579
	0.8426
	0.4092
	0.6228
	0.4939

	XG-
Boost
	0.4542
	0.8545
	0.8388
	0.4030
	0.6382
	0.4941

	high-freq time series only

	LSTM
	0.3782
	0.7963
	0.7793
	0.3056
	0.6206
	0.4096

	static and time series as static

	LR
	0.5237
	0.8843
	0.8634
	0.4621
	0.6557
	0.5422

	RF
	0.5509
	0.8922
	0.8661
	0.4683
	0.6316
	0.5378

	Light-
GBM
	0.5562
	0.8934
	0.8856
	0.5342
	0.5658
	0.5495

	XG-
Boost
	0.5294
	0.8924
	0.8653
	0.4668
	0.6469
	0.5423

	fused static and time series(end-to-end)

	LSTM
&MLP
	0.5866
	0.8995
	0.8818
	0.5168
	0.6404
	0.5720



Discussion
This study aims to propose a machine learning model that integrates LSTM and MLP to predict the risk of death within 30 days of admission to the ICU for patients with CAD. By utilizing time-series and static clinical features of such patients from the MIMIC-IV database and combining Optuna for systematic hyperparameter optimization, the proposed model demonstrates good predictive performance on the test set, particularly outperforming traditional baseline models in terms of the AU-PRC metric.
An AU-PRC of 0.5866 indicates that our LSTM-MLP fusion model demonstrates good performance in handling class imbalance, effectively balancing precision and recall across different decision thresholds. The recall rate reached 0.6404, which is particularly important for clinical applications, as it means the model can identify over 64% of patients who are truly at high risk of mortality, thereby providing opportunities for early intervention. Although the precision rate (0.5168) still has room for improvement, the model's practicality can be further optimized by adjusting the classification threshold or combining it with clinical judgment. The AU-ROC reaching 0.8995 also confirms that the model's overall ability to distinguish between high-risk and low-risk patients is excellent.
Compared to traditional clinical scoring systems (e.g., the AU-ROC of the SAPS II score is 0.7505, and the AUPRC is 0.3127), our LSTM and MLP fusion model can more effectively integrate dynamic time series data (such as continuous changes in vital signs and laboratory tests) and static baseline information. Even machine learning models that treat time series features as static features (e.g., LightGBM with an AUPRC of 0.5562) perform worse than our end-to-end fusion model. This highlights the importance of incorporating time series data, particularly through LSTM networks for modeling temporal dependencies, in accurately capturing the complex disease progression patterns associated with short-term mortality risk.
Strengths
First, we adopted an end-to-end multimodal data fusion strategy, simultaneously utilizing dynamic time series data from ICU patients after admission and static features at admission, and demonstrated its superiority over methods that use only a single modality or simple feature combinations.
Second, we systematically used Optuna for hyperparameter optimization, which helped identify model configurations close to optimal, thereby maximizing the model's predictive performance.
Third, we selected AU-PRC as one of the primary evaluation metrics, which is more robust for assessing model performance under class imbalance (where death events are typically the minority class), and our model achieved leading performance on this metric.
Limitations
Although this study achieved some positive results, there are still some limitations:
First, this study was based on a single-center public database (MIMIC-IV), and the model's generalizability needs to be validated on external datasets from different regions and healthcare systems.
Second, as a retrospective study, we relied on recorded clinical data, and data quality, missing patterns, and potential recording biases may affect the model's performance and the generalizability of the conclusions.
Third, although machine learning models such as LSTM demonstrate superior performance, their “black box” nature results in relatively poor model interpretability, which to some extent limits their direct application in clinical decision-making and doctors' trust in them.
Fourth, the time series data window we included was the first 24 hours after ICU admission, which may have omitted some critical risk information from earlier or later time points.
Perspectives
Our future work will focus on the following areas:  
First, conducting external validation to test the model's robustness and generalization capabilities across more diverse patient cohorts.  
Second, exploring more advanced time series processing techniques or feature fusion mechanisms, such as introducing attention mechanisms to dynamically balance the importance of different features and time points.
Third, enhance the model's interpretability by using methods like SHAP and LIME to identify the features that contribute most to the model's predictions, enabling clinicians to better understand and trust the model's outcomes.
Fourth, further refine patient stratification by developing more personalized predictive models tailored to different patient subtypes, such as gender and age groups.
Conclusion
This study proposes a deep learning model that combines LSTM and MLP networks to predict the 30-day mortality risk of coronary heart disease ICU patients. By integrating dynamic time series data from the first 24 hours after admission and static baseline features, and leveraging Optuna for detailed hyperparameter optimization, our end-to-end model demonstrates outstanding performance on key evaluation metrics. Specifically, on an independent test set, the model achieved an AU-PRC of 0.5866 and an AU-ROC of 0.8995, outperforming traditional clinical scoring systems such as SOFA and various traditional machine learning models based on different feature combinations.
These results indicate that our proposed model can capture complex time-dependent relationships, making it valuable for improving the accuracy and discriminative power of short-term mortality risk prediction in critically ill patients. Although the model still has room for improvement in terms of precision and is limited by single-center data, its high recall rate and overall good discriminative ability make it a promising clinical decision support tool for early identification of high-risk patients and guidance for clinical intervention.
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