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Abstract 

This study analyzed the admission outcomes in chronic patients (with COPD, and Liver 
disease) to demonstrate the feasibility of applying prediction methods on EHR records 
while incorporating an explainable AI technique. We predicted three target variables: 
30-day readmission, Medium&Long Length of Stay and Single-day admission and 
analyzed the features using an explainable AI technique, the SHapley Additive 
exPlanations (SHAP). The results show that Readmission had higher prediction scores 
than all other dependent variables. Some features affected all target variables with either 
positive or negative influence including: Age, Charlson comorbidity index, Day-Shift, 
Gender, using EHR screens and Insurance cover level. These findings thus point to the 
value of using Machine-Learning combined with an explainable AI method to understand 
and assess the risks factors. The assessment of the potential factors leading to multiple 
complications can bolster prevention-oriented medical decisions to groups of patients but 
can also be tailored to the patient level. 

Keywords: Data-Mining; Readmissions; Chronic Obstructive Pulmonary Disease; Liver 
disease 

Introduction 

Electronic Health Records (EHR) is a central hospital-based information system used also in health 
information system research (Bardhan et al. 2020). EHR data, when incorporated with Machine Learning 
(ML) models, makes crucial medical information available that can save lives in many ways (Lin et al. 2017). 
Previous studies have reported a significant association between EHR use and better clinical consequences 
(Ben-Assuli and Vest 2020; Vest et al. 2021) as well as patient care and clinical management (Nguyen et al. 
2014; Yaraghi et al. 2014). These include treating chronic diseases such as Chronic Obstructive Pulmonary 
Disease (COPD) and liver disease which were used as the test cases here. Various methodologies and ML 
capabilities are highly recommended for management of chronic disease patients (Bardhan et al. 2020).  
Numerous IS works have implemented EHR data using advanced ML methods (Bardhan et al. 2015; Ben-
Assuli and Padman 2020; Lin et al. 2017), as we suggest doing here by exploiting the recent development 
of explainable artificial intelligence (AI). Explainable AI is a growing area of research that aims to create 
more transparent and interpretable AI systems. This study applied predictive analytics methods to predict 
admission outcomes (30-day readmission, Medium&Long Length of Stay (LOS) and Single-day admissions 
(avoidable admissions)). It innovates by incorporating a quite new explainable AI technique that 
determines which features are the most powerful in predicting each target variable in a transparent and 
coherent way. The EHR data were drawn from a real nationwide EHR which thus provides a real 
opportunity for investigation in hospital settings. We collected data on 15,016 admissions of patients with 
chronic conditions (COPD and Liver disease). Of these, 4,262 had been readmitted within 30 days, 3,409 
had Medium&Long LOS and 2,868 were Single-day admissions. After compiling and preparing the data, 
we generated prediction models (using XGBoost, Logistic regression and Neural Networks) by 
incorporating all the predictor information into multiple factors causing readmission and other related 
outcome risks to generate actionable insights. Finally, Feature importance was used for XGBoost and 

about:blank
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Logistic regression to analyze the key features for each observation, followed by an explainable AI method, 
the SHapley Additive exPlanations (SHAP) analysis which is used in the XGBoost prediction for both groups 
of patients but also tailored to the patient level. 
 

Literature Survey 

Studies predicting COPD complications: Min et al. (2019) indicated that the combination of knowledge and 
data driven variables yielded the best prediction of readmission outcomes from Logistic regression (LR) 
and Support Vector Machine (SVM) methods, and achieved an area under the ROC curve (AUC) of 0.65. 
Goto et al. (2020) obtained an AUC of 0.57 and 0.63 in two works predicting readmissions using LR. Liu et 
al. (2021) tracked the risk of Single-day admissions and its factors in COPD patients but did not generate 
predictions. One work highlighted the need to study and predict prolonged LOS (between 3-16 days) to 
determine the factors causing long LOS (e.g. low albumin level and other chronic conditions as such as 
heart failure) but the authors did not generate predictions (Wang et al. 2014). 
Studies predicting liver disease complications: According to Singal et al. (2013), the prediction of 30-day 
readmission using the Indiana readmission model (Berman et al. 2011) generated C-statistic scores of 0.57 
to 0.67 with various models. Overall, previous works have mostly been based on narrow data (mostly from 
one visit per patient), rather than patient-level big data (Mitchell et al. 2016) and additionally, more papers 
are needed using complex statistical models to predict readmission or mortality likelihood such as Neural 
network (Kalgotra and Sharda 2021). 
Advanced models can help physicians and hospital management develop early interventions to identify and 
treat patients at high risk of admission complications, especially with visualization and explainable tools. 
To respond to these needs, the current study applied an approach for tracking future admission 
complications by assessing the potential factors leading to these complications. It accessed a comprehensive 
dataset of two leading chronic diseases and included all hospital stays. An analysis of several reviews of the 
literature on EHR prediction (Goldstein et al. 2017) and integration of explainable AI tools in medicine (Loh 
et al. 2022) only revealed one paper that has incorporated a very recent explainable AI tool for predicting 
COPD on a small dataset (Kor et al. 2022) but did not use EHR data. We included explainable AI in this 
work to enhance its contribution to medicine by using the SHAP method, a powerful tool for understanding 
the predictions made by ML models (Lundberg and Lee 2017). Explainable AI is relevant to the field of IS 
as a whole as reflected in several papers (Meske et al. 2022) which emphasize its ability to improve 
predictions, for instance, by identifying the contribution of explainable AI to enhancing customer service 
quality (Guo et al. 2023).  
 

Objectives 

This study applied predictive analytics methods (e.g., data preparation, data aggregation across visits of the 
same patients, parameter optimization and classifications) to analyze admission outcomes (30-day 
readmission, Medium&Long LOS and Single-day admissions) in COPD and Liver disease patients to 
demonstrate the feasibility of using these prediction classification methods on Big-Data. This research in 
progress (RIP) incorporates an explainable AI technique that pinpoints the most powerful features in 
predicting admission outcomes. By using explainable AI and SHAP in particular, the analysis can be 
expanded beyond the importance of the features to the target variables, as well as custom preventative 
treatment for individual patients (Davazdahemami et al. 2022; Kor et al. 2022). It exploited a 
comprehensive database on two prevalent chronic diseases and took all hospital visits into account in a 
chain of sophisticated models. Specifically, it aimed to: 1) Demonstrate the feasibility of ML methods, 2) 
Compare these methods in terms of their predictive power, 3) Depict the factors significantly affecting key 
outcome measures, such as likelihood of readmission. The three dependent variables predicted for these 
chronic diseases were as follows. 
1. 30-day readmission – One of the most telling managerial and medical outcomes, in particular in the case 
of chronic diseases, is patient readmission to hospitals (Chamberlain RS et al. 2018; Goto et al. 2020; Shang 
et al. 2021; Soh et al. 2020). The readmission rate is an important indicator of quality of care. To reduce 
readmissions and elevate quality of care, it is vital to identify the factors leading to hospital readmissions.  
2. Medium&Long LOS – Hilton et al. (2020) used a LOS of five days or more as a key variable for prediction 
which was considered to represent the threshold for medium or long LOS. This threshold was adopted here. 
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3. Single-day admissions – Quantifies whether a patient, as a result of the decision to admit, was admitted 
for a single day or for a longer period of time. It is likely that some single-day admissions are redundant 
and could easily be avoided if physicians had access to proper medical history. Previous works have shown 
that such short-term admissions are important for measurement and prediction purposes (Liu et al. 2021).  

 
Materials and Methods 
Procedures 

The procedure was as follows: 1. Assemble the data. Thousands of admissions for COPD, and Liver disease 
as the primary diagnosis were extracted from an existing EHR with several independent variables including 
demographics, main EHR data components ( (I) Medical test results; (II) Medications taken; (III) Prior 
visits/hospitalizations and (IV) Surgical history), the Charlson comorbidity index score, Number of  ED 
visits in the last half year and Admitting department (e.g., Internal Medicine, Surgical, Orthopedics, etc.). 
2. Data preparation. The data were cleaned, computed or treated if missing (based on Predictive Mean 
Matching imputation technique (Landerman et al. 1997) with the mice R package (Van Buuren and 
Groothuis-Oudshoorn 2011) and scaled when needed. 3. Generate the independent and dependent 
variables. The data were aggregated, as needed, into predictors and the dependent variables were created. 
4. Flagging previous differential diagnoses. The focal differential diagnoses (COPD and Liver disease) were 
added. 5. Predictive analytics followed be explainable AI analytics. 
 

Methods 

After assembling the data and completing the data preparation processes, we utilized all the predictors to 
build prediction models using XGBoost (Chen and Guestrin 2016), Logistic regression and Neural 
Networks. We combined our prediction models with SHAP. The SHAP method is a powerful tool for 
understanding the predictions made by ML models (Lundberg and Lee 2017). This approach offers a 
transparent and coherent explanation of the contribution of each feature to the overall prediction of the 
model. The SHAP values are based on the principles of Shapley values from cooperative game theory, which 
determines a fair distribution of the value generated by a cooperative system among its individual members. 
In a similar manner, the SHAP values allocate the prediction of a machine learning model among its input 
features. In our analysis, we utilized the SHAP method to evaluate our target variable as done in recent 
papers (Lopez et al. 2023). 
 

Results 

 
1 This variable is categorized with two levels. The first for insurance from main HMO and the second is from all other existing HMO. 
2 This variable represents the prediction for medical complications. Higher score indicated a higher chance for risks. 
3 This variable represents the number of times that a patient presented at the ED in the six months prior to this admission. 

Indicator and Description  COPD (N = 12112) Liver Disease (N = 2904) 

Patient age ± SD 45.377 ± 29.211 61.801 ± 16.461 

Gender (Male) (%) 5523 (45.599 %) 1859 (64.015 %) 

Insurance Cover Level1 (%) 10081 (83.232 %) 2204 (75.895 %) 

Previous Labs Retrieved (%) 1900 (15.687 %) 746 (25.689 %) 

Permanent Medications Retrieved (%) 109 (0.899 %) 22 (0.758 %) 

Count of total main EHR screens 1298 (26.511 %) 319 (49.277 %) 

Charlson comorbidity index score2 ±SD 0.460 ± 0.533 0.922 ± 1.717 

Number of ED Visits in the last half year3 1.725 ± 1.538 2.326 ± 1.572 

Day Shift 5687 (46.953 %) 1665 (57.335 %) 

Internal Medicine Physician Involved  8069 (66.620 %) 2552 (87.879 %) 

30-day readmission 3040 (25.099 %) 1237 (42.596 %) 

Medium&Long LOS 2640 (21.797 %) 778 (26.791 %) 

Single-day admission 2274 (18.775 %) 596 (20.523 %) 

Table 1. Data Description 
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Descriptive Statistics 

14,988 admissions of patients with COPD and Liver disease as the primary diagnosis were extracted as well 
as their associated records. Table 1 lists the general descriptive statistics and distributions of the dependent 
variables. It shows patients who were readmitted within 30 days, with a LOS below 5 days and those who 
were admitted for longer LOS (five days or more) and whether the visit lasted one day or more. 
 

Prediction Results 

The tables below lists the prediction outcomes for all three dependent variables. Five-fold cross-validation 
was used to obtain the prediction scores using Python for each method (Pedregosa et al. 2011). We used the 
XGBoost, Scikit-learn and SHAP packages for our analysis. Hyper-parameter validation was implemented 
to tune the parameters (such as in XGBoost: the number of trees in the forest, the maximum depth of the 
tree and the number of features to consider when looking for the best split). Tables 2-3 show the individual 
prediction results for each condition.  

The results (Tables 2-3) for all predictions indicated that predicting 30-day readmission had the best AUC 
scores for each diagnosis (0.678 -0.738). The highest score was for Liver disease. Specifically, Table 3 shows 
that predicting 30-day readmission had the highest AUC results for each model (0.711-0.716), where the 
best score was achieved by XGBoost. The next best in predicting 30-day readmission was Single-day 
admission with the highest AUC score of 0.702 with Logistic regression but less than a 1% difference 
between models. The Medium&Long LOS prediction obtained similar AUC results in the 0.678-0.681 
range. Table 2 lists the prediction of COPD admission complications, where the highest AUC score was 
obtained with XGBOOST with a score of 0.716. The Logistic regression and NN scores were lower by less 
than 1% in predicting 30-day readmission. The second highest target variable predicted was single-day 
admission with an AUC score of 0.701 achieved by NN. 
 

Model XGBoost Logistic regression Neural Network (NN) 
(N = 12,112) Accuracy AUC Accuracy AUC Accuracy AUC 

30-day readmission 0.749 0.716 0.758 0.715 0.753 0.712 
Medium&Long LOS 0.782 0.680 0.780 0.682 0.780 0.679 

Single-day admission 0.812 0.696 0.811 0.702 0.812 0.701 

Table 2. COPD: Prediction of admission outcomes across all models 
 

Table 3 shows the prediction results for Liver disease admission complications. It indicates that the highest 
AUC score was a 0.738 with XGBoost on 30-day readmission prediction. The differences between each 
model within the same dependent variable were roughly 2%-13%, whereas the differences across dependent 
variables ranged from 4% to 35%. Single-day admission prediction achieved the best 0.7 AUC score using 
Logistic regression. Medium&Long LOS had an AUC score of 0.599 using Logistic regression as well. 

Model XGBoost  Logistic regression Neural Network (NN) 
(N = 2,904) Accuracy AUC Accuracy AUC Accuracy AUC 

30-day readmission 0.691 0.738 0.679 0.731 0.655 0.726 
Medium&Long LOS 0.732 0.586 0.731 0.599 0.731 0.532 

Single-day admission 0.796 0.685 0.799 0.701 0.794 0.684 

Table 3. Liver disease: Prediction of admission outcomes across all models 
 

Overall, the results here (Tables 2-3) for 30-day readmission predictions (albeit not receiving high AUC) 
were comparable to previous studies. Single-day admissions and Medium&Long LOS predictions for COPD 
(which have not been reported to date to the best of our knowledge) had an accuracy of 81% and 78% and 
an AUC of 69% and 67% respectively.  
 

Explainable AI using SHAP 
Figures (1-3)A present the 10 highest ranked features according to their importance, which was measured 
using the mean absolute SHAP values based on XGBoost including both diagnoses. Figures (1-3)B present 
the significance of each feature in our model by displaying the global SHAP values, which reflect the positive 
or negative impact of each feature to the target variable. The SHAP value indicates the contribution of each 
feature, with a positive value indicating a positive contribution and a negative value indicating a negative 
contribution. Each patient is represented as a dot in the plot. The horizontal position of the dot reflects the 
corresponding SHAP value, while the color of the dot (red indicates high risk and blue indicates low risk) 
represents the relative value of the feature and its average in the dataset. This representation provides a 
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clear and concise understanding of the contribution of each feature to the prediction model. As indicated 
by Figures 1A and 1B, the variables with the high values that are leading to positive impact on the target 
variable of readmission are: Number ED visits in the last half year (with some negative values indicated for 
some patients), Age (also with several negative values for some patients), Internal Medicine Physician 
Involved, Gender and Insurance cover level. Conversely, high values variables with a negative effect on the 
target variable of readmission are: Charlson comorbidity index, admission to Pediatrics department, 
Number of cases per physician, and Blood test ordered. 
 

 
According to Figures 2A and 2B, the high value in the following variables have positive effect on 
Medium&Long LOS variable: Age, Day-Shift, Internal medicine physician involved, Number ED visits in 
the half year and Charlson comorbidity index (both with few with few negative values for some patients), 
Count of total main EHR screens and also specifically Laboratory test screens and admission to Surgical 
departments. In difference, for high values of the variables: Number of cases per physician and admission 
to Pediatrics department, there is negative contribution on Medium&Long LOS variable. 
 

 
As shown in Figure 3A and Figure 3B, admission to Pediatrics department, Number of cases per physician 
(with some negative values for some patients) and Number of ED visits in the last half year, have a high 
positive impact on single day hospitalization when they have high values. The variables with a large negative 

 

 

 

 
Figure 1B Figure 1A 

Figure 1. Features ranking for 30-day readmission - SHAP Global Feature Importance 

 

 

 

 
Figure 2B Figure 2A 

Figure 2. Features ranking for Medium&Long LOS - SHAP Global Feature Importance 



 Predicting and Explaining Admission Consequences Utilizing EHR 
  

 Forty-Fourth International Conference on Information Systems, Hyderabad, 2023
 6 

influence on single day hospitalization variable when they have high values are: Age (with some positive 
values for some patients), Blood test ordered (with a share of positive values), Internal medicine physician 
involved, Insurance cover level, Count of total main EHR screens and specifically Laboratory test screens. 
 

 
Figure 4 depicts the tailored explanation results (for one randomly selected patient) for the readmission 
target variable. The green and red bars are shaded in terms of the impact of the variable on the likelihood 
of the target variable. Red indicates the positive values (that enhance the predicted probability) and green 
indicates the negative values (that decrease the predicted probability). Note that for individual patients, the 
influence of the features (e.g. the Number of previous ED visits) is different from the global feature 
importance (Figure 1), which shows the importance of using explainable AI at in individual level as well. 
 

 

 
Figure 4. Feature ranks for an individual patient by XGBoost for 30-day readmission 

 

Preliminary Discussion 

Using new ML methodologies is crucial in the field of IS as a whole and specifically in the healthcare IT as 
has recently been reported for fall detection and prevention (Yu et al. 2021; Yu et al. 2023). 
The prediction results for the standard ML prediction models were assessed in terms of 30-day 
readmission, Medium&Long LOS and Single-day admission. The results showed that 30-day readmission 
variable received higher prediction scores for both diagnoses. The variables most impacting 30-day 
readmission, Medium&Long LOS and Single-day admission for chronic patients were admission to 

 

 

 

 
Figure 3B Figure 3A 

Figure 3. Features ranking for Single day admission - SHAP Global Feature Importance 
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Pediatrics unit, patient age, Number of ED visits in the last half year, the Charlson comorbidity index score, 
previous medical procedures, and treatment during the day versus at night. The results for 30-day 
readmission predictions in terms of AUC were comparable to previous works.  
Using an explainable AI new technique, namely the SHAP, indicates some powerful features in predicting 
each one of the target variables. In common for 30-day readmission and LOS, Age has a positive influence 
on 30-day readmission incorporated with less negative values, whereas in Single day admission it is mostly 
negative influence on one day admissions with small positive values. It is reasonable since older patients 
are more likely to be readmitted and also admitted for longer time than one day. Another variable with 
considerable great influence is the number of ED visits in the last half year, with positive influence (with 
some negative values) for all target variables. Charlson comorbidity index showed negative influence on 
readmission (surprisingly leading to less readmissions), and positive impact on longer LOS, leading to 
longer LOS (the effects were somewhat inconclusive, with some values from the opposite effect). Additional 
impactful variables were Day-Shift, Gender, using EHR operations screens (previous medical procedures), 
Insurance cover level and etc.  
One example of a limitation of this RIP that will be dealt with in future research is that we only examined 
two diagnoses. The next steps in this RIP will involve studying other chronic conditions and developing 
more complex models for better quality prediction (Meyer et al. 2014). Future research could also ask 
physicians to evaluate the key features generated by the model that could influence admission outcomes 
and allow human-AI interaction towards the development of a probable AI-based tool. The other dependent 
variables besides readmissions have received less attention in previous prediction studies. Here they 
enhanced the contribution of this paper by showing how additional admission complication variables can 
constitute new targets for prediction. 
Policy makers should support integrating models as proposed here to be implemented to improve current 
scores and to enable them also for practice actual use. Using prediction models complemented with 
explainable AI methods is likely to predict better medical outcomes and suggest preventable medical 
decisions tailored to the patient level and enhance the availability of alternative nonhospital services can 
reduce the admission complications. 
 

Acknowledgement: This work was funded by a regular research grant from the Chief Scientist Office of 
the Ministry of Health, Israel (grant number: 3-0000-18435). 
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