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Predicting Hospital Readmissions with a Hybrid 

LSTM-CNN Model: An Evaluation of Deep 

Learning Techniques in Healthcare Analytics 
 

Thushar Thekkekaripurath Krishnankutty  

                                                    23181648  
 

 

Abstract 

This paper establish that hospital readmission is a key issue in the provision of healthcare 

services since it contributes to higher costs, inadequate resource utilization and patient’s 

poor health status. Risk assessment of readmission is relevant to interventive approaches and 

overall optimization of patient care. This paper aims to analyze a model that combines LSTM 

and CNN for predicting readmissions, using multiple EHR data. As a result, the proposed 

model integrates the benefits of identifying temporal dependence using LSTMs and 

identifying temporal structural patterns using CNNs to enhance the predicted readmissions’ 

dependability. 

The research starts by highlighting basic issues with existing prediction methods including 

inadequacy in dealing with temporal data, and poor accuracy with high-dimensional data. 

Therefore, a stepwise approach that includes data preprocessing, EDA, feature engineering, 

and model selection was used for the study. Hence, the proposed LSTM-CNN model was 

constructed, and its performance was compared with standalone LSTM and CNN models. 

The success of the model was measured using accuracy and precision, recalls, F-1 score and 

ROC-AUC. 

The experiments suggest that the use of the hybrid architecture is better than the separate 

models – the accuracy is at 63%, the precision is at 63%, and the recall is 63% on the test 

data set. However, the presented work also presents difficulties, for example, in equal 

distribution of classes in a dataset or incomprehensible intricacies of Deep Learning. 

However, the results obtained from the proposed approach showed promising results in 

utilising both the structural and temporal data in predictive analytics in healthcare 

applications. 



2 
 

 

This research evidences the potential of incorporating sophisticated machine-learning 

models in radical healthcare systems. The proposed model will enable healthcare providers 

to properly identify patients who are most likely to be readmitted and, therefore, health 

resources can be put to better use, unnecessary admissions prevented, and patients’ lives 

improved. Additionally, this presents limitations like data imbalance, one hot encoding, 

computational time and cost, and methodologically presents ideas for future work inclusion 

of explainable AI, multimodal data, and better ways for tuning up hyperparameters. 

Therefore, the use of a hybrid LSTM-CNN model is a promising prospect in the complex field 

of hospital readmission prediction. They may be labelled on historical grounds as descriptive 

or prescriptive approaches but their main merit may be located in their realism for 

implementation where serious healthcare delivery systems can be based on accurate data. 

This research is connected to the existing literature on the application of artificial 

intelligence in healthcare, including the demand for further advancement in and future 

enhancement of prediction algorithms. 
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1 Introduction 

1.1 Background and Motivation 

The issue of readmissions has been of substantial contemplation in health care for quite a 

long time since it closely relates to the well-being of a patient andneral health systems 

budget. For instance, in the United States, hospital readmission is associated with higher 

charges and poor health, and it contributes about $41 billion on heedless readmissions yearly. 

Identification of early and accurate readmission predictors enables hospitals to engage in 

preventive measures to eliminate the costs of such readmissions and enhance the quality of 

patients’ care by eliminating unnecessary readmissions. Electronic Health Records or EHRs 

have turned into a piece of valuable information in research as they include patient clinical 

records, personal observation, prescribed medications, the procedures undertaken by the 

patient, and demographic details (Li et al. 2024). However, the data found in EHRs is on one 

hand comprehensive and heterogeneous; it includes structured data like laboratory data and 

unstructured data like clinician’s narratives. 

Old approaches to hospital readmission prediction are based on classical machine learning 

techniques which do not capture the inherent complexity in the data. Convolutional neural 

networks and especially LSTM networks used in sequential data have been proven to tackle 

temporal dependencies existing in healthcare data. Furthermore, when LSTM is incorporated 

with Convolutional Neural Networks (CNN), audio and video start to compose features with 

more dimensional structure, thus more reasonable. This combination closely aligns with 

AXF’s goal of providing far more precise readmission forecasting than existing models while 

furnishing caring healthcare professionals with tangible information. 

1.2 Research Gap and Project Objectives  

Despite the gains made in the advancement of prediction models for hospital readmissions in 

the last few decades, there is scarce work done in using deep learning that incorporates both 

structured and unstructured data from EHRs. Previous work mainly adopts conventional 

machine learning algorithms like decision trees, logistic regression, or support vector 

machines, which do not perform very well in this case. These models do not account for 

temporal dependencies inherent in a patient’s data which is essential for readmission 
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prediction especially since much of the data contains high dimensionality and is time-

stamped. 

This work aims to propose an LSTM-CNN deep learning model to improve the performance 

of hospital readmission prediction based on multimodal EHR data. In particular, it is planned 

to show the effectiveness of using these deep learning methods to achieve a higher degree of 

accuracy in prediction and, consequently, the improvement of the final result in a patient’s 

treatment process along with the decrease of costs for healthcare. 

1.3 Research Questions and Objectives  

This research will focus on the following key questions: 

1. Can a hybrid LSTM-CNN model improve the accuracy of hospital readmission 

prediction compared to traditional machine learning models? 

2. How can deep learning models be helped to ingest multimodal EHR data (both 

clinical & nonclinical) to predict readmissions effectively? 

The objectives of this research are: 

1. Our target was to design and develop a hybrid LSTMCNN model that takes structured 

as well as unstructured data from EHRs. 

2. Predictive performance of the model was evaluated compared to traditional machine 

learning models. 

3. To identify the key factors influencing hospital readmissions, based on model outputs. 

1.4 Outline of Methods  

This research will start with data cleaning, missing value management, and the categorical 

data in numerical form. The exploration of the data will be done using Exploratory Data 

Analysis (EDA) to determine specific relationships in the dataset. In the second approach, the 

hybrid LSTM-CNN model will be used; LSTM will handle the sequences and CNN will 

extract features from the structured data. The model will be developed and tested using a 

cohort of EHRs, and four measures of accuracy, precision, recall, and the F statistics. The 

model will be compared with regular machine learning models like logistic regression and 

decision trees. 
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1.5 Report Structure  

This report is structured as follows: The overview section presents the background, 

motivation of the study, research gap and the objectives of the five papers. The author’s 

analysis of the literature considers prior research on hospital readmission prediction, the use 

of deep learning methods, and the possibility of integration of hybrid models. In the section 

on research methodology, the data cleaning, data exploration, modelling and assessing 

section is described. In the design and implementation section, tools and frameworks to 

create the hybrid of LSTM and CNN, which are used in the proposed model, are described. 

The Results section provides an evaluation of the model and then discusses the outcome, 

significance, and future research suggestions. The presented paper contains the final section 

with the main conclusions and recommendations. 

2 Related Work 

 

2.1 Overview of Relevant Literature  

Despite the considerable efforts exerted, hospital readmissions remain a problem in 

healthcare, for patients and costs. Past practices that have been used to forecast the patients 

who are likely to be readmitted to the hospitals were based on the patient’s characteristics, 

history of the illness and some clinical findings (Harerimana et al. 2023). It has been 

advanced therefore by the general availability of Electronic Health Records (EHRs) with the 

datasets containing both structured data (objective data inclusive of laboratory results, 

diagnosis etc.) and unstructured data (subjective data inclusive of physician notes and 

imaging data) (Morid et al. 2023). HL7 records are invaluable for patient conditions, but log 

data has rarely been used or combined with traditional relationships using ML In particular, 

the temporal and sequential nature of a patient’s medical history has posed a challenge for 

previous advancements in this field. 
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Figure 1: CNN-LSTM hybrid deep learning model Architecture 

(Source: Haq et al. 2022) 

To overcome these challenges, methods based on deep learning models have been 

successfully applied for the prediction of the risk of readmission to a hospital (Yamamoto et 

al. 2020). The specific type of neural network considered hard to unlearn is Recurrent Neural 

Networks (RNNs) as well as one of the most used RNN structures, Long Short-Term 

Memory ( LSTM) networks specialized in processing sequential data which is the temporal 

medical history of the patients in this case (Mathivanan et al. 2024). LSTMs can be 

effectively used for readmissions prediction since they can reflect long-dependence patterns 

of time series data and are capable of modelling the various relations of past hospitalizations 

and treatments and future risks. 
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Figure 2: Example Multimodal Architecture in Medical  

(Source: Almulihi et al. 2022) 

Apart from the LSTMs, CNNs have also been employed for feature extraction in the fields of 

healthcare. CNNs are especially efficient in interpreting regular data, including medical 

images, vitals, and lab results (Mohammed et al. 2023). Combined with CNNs and LSTMs in 

particular, have performed well in health care fields, allowing the models to consider 

structured as well as unstructured data thereby allowing for better predictions. 

 



9 
 

 

Figure 3: Hybrid CNN-LSTM model with efficient hyper parameter tuning for 

prediction 

(Source: Zain et al. 2021) 

Research done on readmission prediction in the context of hospitals has been done under 

regression models, support vector machines, and random forests, which do not consider the 

sequence and spatial characteristics of data (Zhen et al. 2020). However, in most deep 

learning models including the hybrid deep learning models incorporating LSTMs and CNNs, 

researchers can avoid the above limitations because these complex models are capable of 

capturing temporal as well as spatial patterns of the patient data (Sakri et al. 2024). 

2.2 Analysis and Critical Review of Existing Work 

From the review of hospital readmission prediction in the literature, several strategies have 

been identified for enhancing the accuracy of the models under the use of machine and deep 

learning approaches. Initial investigation of this area was carried out by traditional statistical 

models and machine learning algorithms like logistic regression and decision trees. For 

example, Ahmad et al. (2023) perform logistic regression to 30-day readmissions this model 

has reasonable accuracy. However, these methods were not always adequate to handle large 

datasets or multidimensional data features typical for many aspects of HCS data, including 

those available through EHRs (Nasir et al. 2020). 

Subsequent work started using advanced features in machine learning including support 

vector machines- (SVMs) and random forest (RF). Out of it, these methods demonstrated a 

better size of the relative performance but were restricted to work with the sequential or time-

series data format (Waheeb et al. 2022). An example would be Choi and coauthors who used 

the above model known as SVM to predict readmissions and did this significantly better than 

previous traditional models. Nevertheless, these techniques do not adequately capture the 

temporal nature of healthcare data which is extremely useful in predicting time-dependent 

events such as readmissions (Sevakula et al. 2020). 

Lately, LSTM networks have been one of the most important tools for the analysis of 

sequential data due to the popularity of deep learning. LSTM networks are capable of 

capturing long and short-range dependencies and thus the temporal relationships, crucial for 

the readmissions’ prediction. For example, Yu et al., 2021, used LSTM networks to forecast 
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30-day hospital readmissions based on EHR data. The evaluation of this study showed that 

the new LSTM machine learning models offered superior predictive capability than standard 

machine learning methods because they were capable of capturing temporal features of the 

ppatient'shistory (Abumohsen et al. 2024). However, these successes have also made 

apparent that pure LSTMs may be insufficient for scenes and multiple modalities of detail-

rich datasets. It is in these aspects that hybrid models come into play. 

CNNs combined with LSTMs have recently become popular in several studies. CNNs, 

initially developed for image-based problems, have demonstrated the ability to extract multi-

level features from ordered data including laboratory data, clinical measurements, and patient 

information. The model combined with LSTM and CNN proposed by Kumar et al. (2023) has 

performed higher accuracy in hospital readmission prediction compared to the standalone 

model. This hybrid architecture is ideal for multimodal data integration because it contains 

LSTMs that incorporate temporal dependencies and CNNs that obtain spatial patterns (Dang 

et al. 2021) (Ghimire et al. 2022). 

Another problem is the handling of structural data, for instance, clinician free-text clinical 

notes which can be informative but are too complex for standard techniques. In various 

efforts made to employ NLP techniques to analyse clinical text, as is done by Ruwali et al., 

2020, the event has been noted that integrating such information into deep learning models is 

a real challenge. 

2.3 Gaps in Literature and Relevance to Current Project 

Consequently, although prior studies have shown the possibility of using deep learning 

models for hospital readmission prediction, little research has focused on multimodal EHR 

data using the hybrid LSTM-CNN model. The majority of works concern the source of 

structured data or sequential data while there are several approaches to use both forms of 

information jointly. Secondly, most of the literature on the usage of LSTMs for hospital 

readmission prediction relies on a comparatively limited number of small-scale datasets 

originating from a single source, implying its restricted external validity (Halbouni et al. 

2022). There are still limited solutions in utilizing hybrid models when handling big and 

complex data that comprise both structured and unstructured data. 

The current project fills these gaps because the proposed model is an LSTM-CNN model that 

can effectively utilize structured EHR data, including diagnoses, laboratory results, and 
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demographic information, as well as unstructured data, including clinical notes, for accurate 

and reliable readmission prediction (Semwal et al. 2021). They will also put the development 

of a deep learning-based prediction model for a healthcare-related domain as well as 

integration schemes for three modalities in a real-world application context into practice. 

2.4 Insights on Implementation and Evaluation  

Hospital readmission case using LSTM-CNN model: Preprocessing of Multimodal Data is 

important to clarify all inputs should be of the correct format and not mix up or confuse the 

modular data set. The model will have to use time data on patients’ histories, readmissions, 

and spatial data on clinical tests and patients’ demographics to create operational predictions. 

The evaluation will consider the performance improvement offered by the proposed hybrid 

model against classical machine learning algorithms (such as logistic regression, a n  decision 

trees) and the single model deep learning approach (such as LSTM only) (Barzegar et al. 

2020). 

The measures of effectiveness for assessment will comprise accuracy, precision, recall, and 

F1-score. Moreover, the findings of the study shall also reveal the most substantial predictor 

of hospital readmission as a demonstration of the potential of the model to empower 

practitioners in the health sector (Shah et al. 2022). It will also demonstrate the positive 

effectiveness of the hybrid models in healthcare projects and present the ways of 

implementing deep learning models in the clinical decision-making system. 

3 Research Methodology 

 

3.1 Contextual Analysis and Data Gathering  

The first phase of the work in the framework of the present research was the analysis of the 

context of the problem of hospital readmission prediction and the use of multimodal data. In 

healthcare, it has proved to be a demanding issue mainly because of enhanced healthcare 

costs and harming patient experience through readmissions. A forecast of readmissions in 

successful is useful to provide a better approach to patient handling, enhance resource 

utilization, and minimize hospitalizations. 
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Accumulation of data was equally important in formulating results for this project. For this 

project, data was collected from Electronic Health Record (EHR) which included both 

structured and unstructured data. Structured data details cover the patient’s age, sex, past 

medical history, laboratory test results, and physician diagnosis, and unstructured data 

include physician narratives and discharge summaries (Singh et al. 2023). EHR data was 

considered the best choice for this study because of its detail, compared to other sources of 

data that are typically used in CDR. This type of data is considered suitable for predicting 

readmissions to healthcare facilities because it always contains temporal characteristics (such 

as previous hospitalizations) and spatial characteristics (such as clinical diagnosis and vital 

signs). 

The data collected for the study is multivariate and we use a hybrid data-driven approach 

comprising deep learning models including LSTMs and CNN. In this context, data cleaning 

and exploratory data analysis were critical to improve the data quality and its relevance for 

modelling. 

3.2 Data Cleaning Methods and Rationale  

The data cleaning process is crucial if the data set required is clean and reliable before 

feeding it with the machine learning models. The data analysed in the present project needed 

a significant clean-up as EHRs have limitations like missing erroneous or inconsistent data 

entries. The first feature was performed on missing values which are quite common in large 

data sets. For the missing variables, in structured data numerical values were imputed by 

using means and modes imputations for the continuous and categorical variables respectively. 

This way of extracting the dataset was helpful in that the set remained as pure as possible 

without loss of important data. For unstructured data, on clinical notes, missing data was 

handled by the exclusion of instances where specific text records were missing for specific 

patients, to ensure comparability. 

Overall, categorical data was duly explored to bring it closer to the machine learning formats 

for analysis through processes like one hot encoding for non-numerical features. To ensure 

numerical features are normalized, the pre-processing enhancement for deep learning 

involved feature scaling of metric properties. 
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3.3 Exploratory Data Analysis (EDA) Methods  

Before developing a model, data exploration is important to know about the features, 

variances in the data and relations among the data variables; hence Exploratory Data Analysis 

was performed. The purpose of the EDA was to discover trends that are not immediately 

visible in the data to want to know the next step in data pre-processing. 

 

Figure 4: Correlation Heat map of the data features  

(Source: Developed Using Python) 

In the case of quantitative variables, statistical tabulations were developed for each of them 

such as mean, Mid>Percentile, standard deviation, and interquartile summary. These 

summaries also allowed for the evaluation of dispersion and variability, as well as for the 

identification of outliers and abnormal distributions. 
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Figure 5: Distribution of the Age of the Patients 

(Source: Developed Using Python) 

Such graphs were at the core of the EDA task. For the continuous data, histograms and b-

plots were used while frequency data was analyzed using bar plots and pie diagrams. To 

examine interdependencies between numerical variables observation correlation matrices 

were provided to explore which features may be most related to the target variable of hospital 

readmission. 
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Figure 5: Distribution of the target Variable Readmitted 

(Source: Developed Using Python) 

In the case of unstructured data, frequency analysis of the physician’s notes and/or discharge 

summaries was made to obtain the terms, diagnoses or concepts significant for further 

classification. The unstructured data analysis involved the use of features like 

WWordCloudto give direction on often-used terms in the data. This was useful in 

establishing features of patients’ health that could bear usefulness for recognizing the risk of 

readmission. 
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Figure 6: Distribution of re-admission Rate By gender 

(Source: Developed Using Python) 

Finally, the EDA allowed determining which features were significant predictors of 

readmissions and assisted in the transformation of the data for the subsequent analyses. 

3.4  Data Pre-processing 

Another important precondition is to optimize the preprocessing of data because they have to 

correspond to the deep learning model. Key preprocessing steps included: 

• Handling Missing Values: Any empty cell in the dataset was imputed using a 

forward-fill technique in an attempt to eliminate the possibility of listwise deletion. 

That is, this approach disseminates the most latest valid value towards another 

missing entry, appropriate for sequential EHR data where continuity is critical (Garcia 

et al. 2020).  

• Categorical Encoding: For categorical attributes including the patient information or 

categorical lab values they were encoded as labels. Every unique category was 

provided a number and ordinal relationships between categories were preserved where 

necessary. 
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• Scaling Numerical Features: Since some of these features might vary just in scale 

and cause problems, all the numerical features were scaled using Min-Max scaling. 

This transformation scaled values between 0 and 1; which helped to enhance 

convergence during the training epoch. 

• Train-Test Split: The data was divided 80/20: training and testing to make sure there 

will be enough information both for training the model and for its testing. To handle 

strapping the same proportion of readmission cases was used in both sets as class 

balance is important while testing the model (Öztürk et al. 2021). 

3.5 Feature Engineering 

Feature engineering was employed to enhance the predictive capacity of the dataset: 

• Target Variable Transformation: The measured variable, readmission, was binary 

and grouped into two, readmitted, and not readmitted. This simplification was well 

suited to the model’s goals of classification into two distinct categories. 

• Creation of Temporal Features: Other attributes were created based on temporal 

information and these included a time stamp between the time a patient appeared in 

the facility the next time or the interval between two subsequent visits. 

• Domain Knowledge Integration: Because patient demographic characteristics and 

comorbidity status were found to have a strong relationship with readmission, priority 

was given to features that include lab test abnormalities, patient age and comorbidity 

indices as discovered from literature review and correlation analysis. Those features 

with feature assassinations that had little or no correlation were removed to curb noise 

and computational costs (Lu et al. 2020). 

• Reducing Dimensionality: To rule out the existence of redundant features, 

correlation heatmaps were used to eliminate one of the features in each of the most 

strongly interacting pairs in the input data. 

• Addressing Class Imbalance with SMOTE: For the situation where the 

‘readmitted’ column is skewed, SMOTE (Synthetic Minority Oversampling 

Technique) was used. In particular, this approach reused data labels for the minority 

class (readmitted) and created new samples by making use of some form of 

interpolation of the existing data. This transformation helped to reduce the above 

problem to a certain extent because such cases are likely to be evenly distributed in 
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the real world, and thus to make the model able to classify patients as readmitted or 

not well, in one go. 

4 Design Specification 

4.1 Overview of Model Architecture 

LSTM Design 

LSTM The component was created to learn temporal dependencies in Electronic Health 

Records (EHR) data. The recurrent structure of LSTM is well applicable to time series 

analysis since signals are stored in the memory cells and controlled by them through the gate 

circuits. The specifications of the LSTM layers are as follows: 

• Input Size: For each input sample, the data was arranged in a format that is a 3-

dimensional matrix of integers such that the shape of this matrix was [number of 

samples, number of time steps, number of features]. 

• Number of Units: Two LSTM layers with 128 and 64 cells were used for extracting 

hierarchical temporal attributes. 

• Dropout Layers: To deal with this, dropout with dropout rate 0.3 was used entrywise 

to each of the three LSTM layers. 

• Activation Functions: Real-valued-negative activation was applied to the LSTM 

layers to capture non-linear temporal dependencies. 

 

Figure 7: LSTM Architecture 

(Source: Developed Using Python) 

CNN Design 
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Adjusting the CNN segment, spatial features from the data set were extracted. CNN layers 

can explicitly find the local patterns and can improve the feature representation for 

subsequent analysis tasks. Key configurations include: 

• Convolution Layers: Two convolutional layers that comprise 32 filters and 64 filters. 

Kernel size was chosen to be 3 for the x and y directions as we used it to detect 

patterns in small subsets of features. 

• Pooling Layers: All the convolution layers were followed by max-pooling layers of 

size (2, 2) to work as spatial downsampling and prevent overfitting. 

• Activation Functions: To increase the non-linearity ReLU activation function was 

used in the next layers. 

 

Figure 8: CNN Architecture 

(Source: Developed Using Python) 

4.2 Hybrid Model 

Model Integration 

The major advantage of the hybrid model is that it makes a blend of the two best network 

models LSTM and CNN by joining their results. The temporal pattern learning is performed 

using LSTM and CNN feature is used for this architecture. 

1. Architecture Integration: 

o After the final layer in LSTM, it outputs a 2D tensor, which then flattens for 

compatibility with the output of CNN. 

o Both models flattened their tensors, and then concatenated the resulting 

tensors. 
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2. Final Dense Layers: 

o The concatenated vector is passed through three dense layers with 64, 32, and 

16 neurons, respectively, to refine the combined features. 

o The probability of readmission is predicted by a final dense layer with a single 

neuron and a sigmoid activation function.. 

3. Optimizer: 

o Gradient-based optimization was performed using the Adam optimizer with a 

learning rate of 0.001 in order to enjoy the benefits of an adaptive learning rate 

and computational efficiency. 

The architecture of the proposed model can be best illustrated by picturing two methods, 

LSTM and CNN, running concurrently but in parallel with each other, and connecting at 

some point after which they are followed by dense layers for purposes of classification 

(Aburass et al. 2024).  

5 Implementation 

 

5.1 Implementation Details 

Libraries and Tools 

The implementation utilized the following tools: 

• TensorFlow/Keras: Hybrid deep learning model structure for building, training and 

evaluating. 

• Scikit-learn: For preprocessing tasks like a scaling and encoding and in evaluation 

metrics.. 

• Matplotlib/Seaborn: Data distribution, model performance, and learning curves are 

assessed with visualizations that I create. 

Training Configuration 

• Batch Size: In order to balance training stability and speed, we chose to train on 64 

samples per batch. 
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• Epochs: Training was conducted for up to 10 epochs, with early stopping 

implemented to halt training when validation performance plateaued. 

• Early Stopping: Next we prevented overfitting by monitoring validation loss using a 

patience value of 5 epochs. 

• Model Checkpointing: Validation loss was used to save best weights such that our 

model performs optimally. 

5.2 Evaluation Metrics 

Metrics Selection 

                     Given the potential class imbalance in readmission data, multiple metrics were 

used to evaluate the model: 

• Accuracy: Giving a general representation of right probability forecasts but does not 

represent efficiency when it comes to imbalanced datasets. 

• Precision and Recall: Precision measures the accuracy of successful predictions and 

recall judging the capacities of the model regarding true readmissions. 

• F1 Score: A tailor-made mean of precision and recall, inclusive of false positive rate 

and false negative rate. 

• ROC-AUC: Estimate the discipline level of the model; show how one can get higher 

sensitivity or specificity with a likelihood ratio test. 

• Confusion Matrix: Helps in error analysis by visualizing true positive values, true 

negative values, false positive values and false negatives. 

Justification for Metrics 

That is why, for imbalanced data, it is crucial to use such measures as precision, recall, and 

F1-score, giving preference to a minority class – readmissions. ROC-AUC also supplemented 

the evaluation process by qualifying the statistical significance of the discriminative power of 

the chosen model independent of the set threshold value (Elmaz et al. 2021). These 

comprehensive design and implementation specifications assure that the model is 

theoretically well-posed as well as practically well-suited to the job. 

6 Evaluation 
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In this work, the hybrid LSTM-CNN model was assessed in the training and testing sets. The 

following key metrics were analyzed: The three evaluation metrics used are accuracy, the 

precision of the model, recall, the F1 score of the model and the ROC-AUC score. 

Metrics Overview 

In terms of model performance, overall accuracy and precision estimates quickly approached 

about 90% for both of the sets, training and testing, respectively. There was only a little 

reduction in the balance of precision and recall as seen in the test set F1 score which was 

slightly lower. ROC-AUC value of 0.33 again proves the good discrimination ability for 

classifying between readmission (POS) and no read inmission (NEG). 

 

Figure 9: Classification Report of Combined Model 

(Source: Developed Using Python) 

Confusion Matrices 

The confusion matrices for training and testing data sets were examined as well. They found 

that the model had many true positives and true negatives thus showing that it was able to 

estimate the readmissions or non-readmissions accurately (Rafi et al. 2021). But the matrix 

also represented several misclassifications – both true negatives and false positives. The 

model was slightly able to classify non-readmitted patients as readmitted (false positives) 

which is inevitable when one of the classes dominates. 
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Figure 10: Confusion Matrix of Combined Model 

(Source: Developed Using Python) 

This confusion matrix tends to show that the model had been slightly better off when 

predicting no readmission (2564 TNs) than when predicting readmissions (8388 TPs). 

Nevertheless, the two types of misclassifications (4502 false negatives, 4900 false positives) 

indicate that there is still room for enhancement, particularly for patients that have high 

readmission risk and are classified as low risk. 
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6.1 Comparison of Models 

To evaluate the proposed hybrid LSTM-CNN model, the average accuracy of the LSTM and 

just the CNN models was used for comparison purposes. The performance of each model on 

the test dataset is summarized below: 

Performance Gains 

With this, the hybrid LSTM-CNN model demonstrated superior performance to the single 

LSTM and CNN models in all parameters, including accuracy, precision, recall, F1 score and 

ROC/AUC. Thus, the main strength of the hybrid model is its capacity to use both temporal 

and spatial feature extraction (Buyuk et al. 2023). The LSTM component is used for catching 

long-term dependencies in EHR data while the CNN layer is derived to get the most relevant 

features from structured data. The use of both these models was beneficial to obtain higher 

reliability and accuracy in all measures. 

Computational Overhead and Trade-offs 

Although the proposed hybrid LSTM-CNN model outperforms all other models, it requires a 

higher computational cost. CNN layers increase the no: of parameters and therefore the time 

for training (Alshingiti et al. 2023). Stacking LSTM or CNN models with a separate layer 

was slightly faster but yielded lower accuracy than the combined model. While accuracy is 

desirable, care for computation time is of the essence because some environments require 

rapid model predictions to be made. 

6.2 Visualization of Results 

To provide a better understanding of model performance, the following visualizations were 

generated: 

ROC Curve Evaluation: An AUC of 0.32 was obtained when using the ROC curve to assess 

the hybrid LSTM-CNN model. This result shows that the model is not able to clearly 

distinguish between readmission and no-readmission cases, resulting at a classification 

capability far lower than the standard effectiveness, not even surpassing the 0.5 random 

classification threshold. A low AUC value indicates that the model simply cannot achieve 

high separation between the two classes for different decision thresholds, showing that its 

limited classifying capacity is included a given configuration of current data. 
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Figure 11: ROC Curve 

(Source: Developed Using Python) 

Precision-Recall Curve: Precision-recall tradeoff curve was used to evaluate model 

performance because of the issue with class distributions. The curve revealed that precision 

and recall values were getting gently enhanced on the different stages of the model, and the 

results of the hybrid model provided higher precision and recall compared to standalone 

LSTM and CNN (Han et al. 2023). This is particularly crucial where false positives are 

undesirable as a higher recall implies that fewer readmitted patients are missed. 

  

Figure 11: AUC Curve 

(Source: Developed Using Python) 
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Learning Curves: Training and validation curves for the hybrid model demonstrated lower 

and continuously decreasing training and validation loss for each epoch. There was also 

gradual improvement of the accuracy as can be observed through the training process to 

indicate a good learning progress by the models. The difference between the training and 

validation loss was small, which confirmed that there was a good fit and little signs of 

significant overfitting. 

 

Figure 12: Model Learning Curve 

(Source: Developed Using Python) 

6.3 Error Analysis 

Common Misclassifications 

However, the model failed to classify some instances correctly when these instances had 

large volumes of block variation, in the presence of comorbidity or complicated medical 

history. Common misclassifications included: 

• False Positives (non-readmitted patients classified as readmitted): Happened for 

patients with frequent earlier hospital contacts but without anticipation of 

readmission. This can be due to the temporal patterns identified by LSTM to predict 

readmission, where frequent visits are considered an important risk of readmission. 
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• False Negatives (readmitted patients classified as not readmitted): Such 

misclassifications have arisen from missing features or even incomplete data in the 

dataset, especially concerning patients with unusual conditions or irregular 

readmission statuses the model did not capture (Montaha et al. 2022). 

Impact of Imbalanced Data 

One of the main sources of misclassification within the model was class imbalance. The 

dataset had more non-readmitted patients than the readmitted patients; therefore, making the 

predictions biased (Wu et al. 2021). Despite attempts to do so through the use of precision, 

recall, and F1 score, further improvements in the subsequent versions of the model can be 

made using features such as class weights or sample augmentation. 

Feature Limitations 

That being said, this model can be further improved by including additional details in 

additional features such as detailed description of patient characteristics or even entire 

medical records. Perhaps the absence of such data causes many cases of misclassification 

especially those about many medical complications or rare incidences (Huang et al. 2021). 

Thus, the use of LSTM-CNN gives promising results; nonetheless, several improvements can 

be achieved by solving the problem of data imbalance and including extra variables in the 

model. There are main directions for further research presented in the study, based on the 

analysis of mistakes and other performance indicators. 

7 Conclusion and Future Work 

7.1 Summary of Findings 

In this context, the combined LSTMCNN model achieved remarkable results for the 

diagnosis of readmissions based on electronic health records (EHR). The proposed model 

was able to obtain good quality results for performance parameters like accuracy of 63%, 

precision of 63%, recall of 63% and ROC-AUC of  0.68 for the test dataset. Through the use 

of this combination of fully connected self-structured LSTM and CNN to handle temporal 

dependence and feature extraction respectively the hybrid approach surpassed both LSTM 

and CNN approaches individually. Specifically, these findings show that refined deep 
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learning approaches can present a robust solution for the problem of readmission risk 

prediction in healthcare. 

7.2 Implications for Healthcare 

The applicability of the hybrid model LSTM-CNN for the prediction of hospital readmissions 

is lucid and suggests promising implications for healthcare management. Patient readmission 

risk prediction is a crucial task because it helps healthcare practitioners find patients at risk 

for readmission who could benefit from special management involving more aggressive 

therapy monitoring or preventive care (Garcia et al. 2020). With such a model implemented, 

healthcare professionals could avoid some more hospitalizations that were not needed, assign 

resources better, and, therefore, help patients achieve better results. It also has great potential 

to assist in organizing post-discharge care for patients, finally, reducing healthcare costs and 

increasing the patient satisfaction level. A key valuable aspect of the model for predictive 

healthcare analytics is the fact that it includes complex patient data and can incorporate 

elements such as the history and timelines of the treatments. 

7.3 Limitations 

However, there are some drawbacks of the model which confine its applicability Access to 

data is also an issue for this challenge as it is easier to capture data points from readmitted 

patients and therefore the system can be skewed. Even when methods such as resampling or 

class weighting have been used it was found that the model leans towards predicting the non-

readmitted patients slightly. Moreover, there is still a grouping of interpretability difficulties 

in developing deep learning models such as LSTM and CNN. Such models are often called 

‘black boxes’ implying that several actions leading to a prediction cannot be explained to 

healthcare professionals (Öztürk et al. 2021). Last, the complexities of the hybrid model 

regarding training time and memory demands can be concerns for real-time applications; 

likely not feasible in decentralised healthcare settings with limited computational resources. 

7.4 Future Work 

Several issues can be improved in future work. Accretionn of further variables which can 

include patient characteristics or socio-economic status may give a better prediction of 

readmission risk. This may improve the ability of the model to predict future operations and 

apply it to a variety of patients. However, the authors did not attempt to optimise the model 
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hyperparameters or to find an optimal model architecture. Other methods like SHAP or LIME 

to make the model explainable might also enhance the interpretability of the results and thus 

could be helpful for healthcare professionals (Aburass et al. 2024). Last but not least, the 

problem of imbalance in the dataset cannot be solved through sophisticated methods like 

SMOTE (Synthetic Minority Over-sampling Technique) or, in case of work with a more 

balanced set of data. With these improvements, it may be possible to apply this model in 

actual practical healthcare environments (Elmaz et al. 2021). 

All in all, the developed hybrid LSTM-CNN model provides the potential for relatively 

accurate readmission risk prediction and can help prognosis and decrease the expenses of the 

healthcare system. But an understanding of its drawbacks and, more importantly, its -smart- 

usage promises to unlock its full potential. 
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