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Objectives: Heart failure (HF) is a common disease with a high hospital readmission rate. This study considered class im-
balance and missing data, which are two common issues in medical data. The current study’s main goal was to compare the
performance of six machine learning (ML) methods for predicting hospital readmission in HF patients. Methods: In this
retrospective cohort study, information of 1,856 HF patients was analyzed. These patients were hospitalized in Farshchian
Heart Center in Hamadan Province in Western Iran, from October 2015 to July 2019. The support vector machine (SVM),
least-square SVM (LS-SVM), bagging, random forest (RF), AdaBoost, and naive Bayes (NB) methods were used to predict
hospital readmission. These methods’ performance was evaluated using sensitivity, specificity, positive predictive value, nega-
tive predictive value, and accuracy. Two imputation methods were also used to deal with missing data. Results: Of the 1,856
HF patients, 29.9% had at least one hospital readmission. Among the ML methods, LS-SVM performed the worst, with ac-
curacy in the range of 0.57-0.60, while RF performed the best, with the highest accuracy (range, 0.90-0.91). Other ML meth-
ods showed relatively good performance, with accuracy exceeding 0.84 in the test datasets. Furthermore, the performance of
the SVM and LS-SVM methods in terms of accuracy was higher with the multiple imputation method than with the median
imputation method. Conclusions: This study showed that RF performed better, in terms of accuracy, than other methods for
predicting hospital readmission in HF patients.
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Heart failure (HF) is a common, chronic, and complex clini-
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(8%) [6]. According to the World Health Organization, the
annual incidence of HF is estimated to be 660,000 per year
worldwide, and this figure is expected to double in the next
30 years [7]. According to previous studies, the HF incidence
in Iran is higher than in other Asian countries [8].

Furthermore, HF is a common cause of hospitalization in
the adult and elderly population [9]. The annual readmission
rate due to HF is quite high, at 56.6% [10]. Approximately
30% of patients experience readmission 30 to 60 days after
discharge [11]. Hospital readmission imposes high economic
costs for both patients and the healthcare system, and this
issue therefore needs more attention due to its negative im-
pacts on healthcare systems’ costs [12].

In the past decade, several machine learning (ML) meth-
ods, such as the support vector machine (SVM), least-square
SVM (LS-SVM), bagging, random forest (RF), AdaBoost,
and naive Bayes (NB) methods, have been widely applied
for the management of cardiovascular diseases. SVM and
LS-SVM are kernel-based learning methods that are widely
employed for classification and regression problems. These
methods have an outstanding capability to solve nonlinear
and high-dimensional problems [13,14]. Bagging, RF, and
AdaBoost are ensemble learning methods that achieve better
learning performance by aggregating several weak learn-
ers [14,15]. These ML methods can improve predictions by
utilizing higher-dimensional, complex, and nonlinear rela-
tionships between variables [16]. These methods also have
been used to predict hospital readmission in various studies
[5,16-18]. For instance, Lorenzoni et al. [18] compared the
performance of eight ML methods to predict hospitalization
in HF patients. Their results showed that the generalized
linear model net had the best performance. Similarly, Landi-
cho et al. [5] used four ML methods to predict readmission
in HF patients. According to their results, SVM had the best
performance.

One of the major problems in ML methods for classifica-
tion is the class imbalance issue. This issue is common in
medical data and leads to the poor classification of minor-
ity classes. Several methods have been developed to address
class imbalance. Among them, the Synthetic Minority Over-
Sampling Technique (SMOTE) is a widely used method that
was proposed by Chawla et al. [19]. Another common issue
in medical research is missing data. There are three types of
missing data: missing completely at random (MCAR), miss-
ing at random, and missing not at random. If missingness
is completely random (i.e., MCAR), it can be ignored [20];
otherwise, removing incomplete data may lead to bias and
reduce the power of ML methods [20,21]. To overcome this
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problem, imputation methods such as median, mean, and
multiple imputations can be used [5,18].

ML methods are nonparametric methods that require no
distributional assumptions. These methods consider com-
plex and nonlinear relationships among variables. Previous
studies have shown positive performance of ML methods
in prediction and classification problems [13-15]. However,
the performance of these methods is data-dependent, and
no single method is always is the best for classification prob-
lems [14]. Meanwhile, despite the considerable number of
studies in the field of predicting hospital readmission in HF
patients, only a few of them have been performed in Iran
[8,22]. Hospital readmission not only reduces the quality
of life, but also increases medical costs. Therefore, with the
increasing prevalence of HF and related readmission world-
wide, it is essential to identify HF patients at a higher risk of
readmission in order to manage these patients better [12].
Furthermore, in developing countries such as Iran, hospital
readmission problems are exacerbated by resource limita-
tions [23]. Hence, this study’s main goal was to compare
the performance of six ML methods for predicting hospital
readmission in HF patients and to find the best method for
our data.

Il. Methods

1. Data Collection and Preparation

In this retrospective cohort study, information on 1,856 HF
patients was analyzed. These patients were hospitalized in
Farshchian Heart Center in Hamadan Province from Octo-
ber 2015 to July 2019. This center is the referral heart center
in Hamadan Province in Western Iran. Data were extracted
from hospital records using a checklist of items according to
the context of the patients’ records and clinical examinations
performed by cardiologists. The checklist included data on
demographic variables, vital signs, past medical history,
and laboratory tests. We extracted all available variables in
patients’ records and considered them all. There was a total
of 46 variables. The continuous variables were normalized.
The outcome was hospital readmission during the follow-
up period. The SMOTE method was used for handling the
imbalanced dataset problem. This study was approved by the
Institutional Review Board of Hamadan University of Medi-
cal Sciences (No. IRR-UMSHA.REC.1398.276). All patients
were informed of the purpose of the study and informed
written consent was obtained from all of them.

https://doi.org/10.4258/hir.2021.27.4.307



HIR

2. Missing Data

The data used in this study suffered from data missingness,
although it should be noted that data were only missing for
continuous variables. Hence, two imputation methods were
used to deal with missing data: (1) missing values were im-
puted with the median (median imputation method) and (2)
multiple imputations were used (multiple imputation meth-
od). Little’s MCAR test was performed to evaluate MCAR.

3. Machine Learning Methods

SVM was proposed by Vapnik [13]. This method tries to
construct an optimal hyperplane that separates data points
based on their classes. When observations are not linearly
separable, SVM converts nonlinear input to a linear state in
high-dimensional feature space using a kernel function. The
radial basis kernel function was utilized in this study due to
its excellent performance. LS-SVM was applied by Tapak et
al. [14], such that LS-SVM uses a set of linear equations in-
stead of a quadratic programming problem in the dual space.
Further information about the SVM and LS-SVM methods
can be found elsewhere in the literature [13,14].

Bagging, one of the earliest ensemble methods, was pro-
posed by Leo Breiman [14]. This method utilizes bootstrap
sampling, which involves forming training subsets by ran-
domly resampling the training dataset. A separate classifier-
based model is used to train each of the subsets. Then, all
classifier-based models are aggregated into the final model
[14]. RF is a modification to bagging developed by Leo Brei-
man and his colleagues [15]. This method fits the number
of decision tree classifiers on subsamples of the dataset. The
averaging method is then applied to control overfitting and
increase accuracy [15]. AdaBoost is one of the first boosting
algorithms that was proposed by Yoav Freund and Robert E.
Schapire [15]. This method generates a subset of the training
dataset and constructs an initial classifier-based model with
equal weights assigned for instances. Then, in each boosting
iteration, the training instances are reweighted so that the
next learner concentrates on the instances that were misclas-
sified previously. The final model is obtained based on a
weighted sum of all the classifier-based models [15]. Further
details about the bagging, RF, and AdaBoost methods can be
found in the above-mentioned references [14,15].

NB is a probabilistic classifier based on Bayes’ theorem
with strong independence assumptions between every pair
of variables. This assumption is difficult to satisfy in the
real world, so it is characterized as “naive” However, NB
performs well, even when the independence assumption is
violated [24].
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4. Performance Criteria

The discrimination ability of ML methods was assessed us-
ing several criteria, including sensitivity, specificity, positive
predictive value (PPV), negative predictive value (NPV),
and accuracy. The performance of each method was assessed
using a cross-validation approach, in which the dataset was
randomly divided into training (70%) and test (30%) sets.
This procedure was repeated 100 times, and the average val-
ues for evaluation criteria were computed.

5. Software Packages

Statistical analysis was performed using R version 3.6.3, with
the following packages: “e1071” for SVM; “kernlab” for LS-
SVM; “adabag” for bagging, RE, and AdaBoost; “naivebayes”
for NB; “randomForest” for variable importance (VIMP) in
the RF; “naniar” for the Little MCAR test; and “DMwR” for
balancing the dataset.

I1l. Results

Of the 1,856 HF patients, 542 (29.9%) had at least one hos-
pital readmission. The mean age of these patients was 71.7 +
13.4 years. The majority of them (64.4%) were men. More
than half (57.0%) of the hospital-readmitted patients had a
history of hypertension. The characteristics of the HF pa-
tients are given in Tables 1 and 2.

Overall, 937 (50.48%) patients had missing data for at least
one variable. The most common variable with missing data
was ejection fraction (25.59%), followed in descending order
by body mass index (19.39%), and creatine kinase-MB (CK-
MB) (10.82%). The percentages of missing laboratory test
variables were roughly 0.1% to 8%. No other variables had
missing data. The results of Little’s MCAR test showed a sig-
nificance value of less than 0.05, meaning that the missing
data were not MCAR.

Tables 3 and 4 show the discriminative ability of the six ML
methods for predicting hospital readmission in HF patients
with two imputation methods for missing data. The perfor-
mance of the LS-SVM method, in terms of specificity, PPV,
NPV, and accuracy, was higher with the multiple imputation
method than with the median imputation method. With
the median imputation method, the specificity of SVM was
similar to that of RF (0.95). Bagging had the highest specific-
ity among the ML methods (0.96). Bagging and LS-SVM had
the lowest and highest sensitivity, respectively. The mean
PPV of the ML methods ranged between 0.27 to 0.78 for the
test sets, with the lowest and highest values belonging to LS-
SVM and RE respectively. Furthermore, the mean NPV of
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Table 1. Clinical characteristics of heart failure patients
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Hospital readmission

Variable No (n = 1,314) Yes (n = 542)

Median Min-Max Mean + SD Median Min-Max Mean + SD
Age (yr) 76.0 22.0-97.0 74.0+13.5 73.0 27.0-97.0 71.7 + 134
BMI (kg/m?) 25.3 14.3-53.3 25.8+5.1 25.0 13.8-47.3 25.8+4.9
Ejection fraction (%) 25.0 10.0-55.0 26.4 +10.9 20.0 10.0-50.0 22.8 +10.1
SBP (mmHg) 121.0 67.0-220.0 1254 +24.4 125.0 70.0-220.0 126.0 £ 24.1
DBP (mmHg) 80.0 40.0-137.0 77.9 £ 15.6 80.0 44.0-140.0 78.1 +15.1
FBS (mg/dL) 98.5 38.0-455.0 113.3 £51.2 97.0 31.0-453.0 112.6 £ 53.0
BUN (mg/dL) 23.0 10.0-127.5 26.5+13.6 24.0 11.5-95.0 272+ 12.1
Creatinine (mg/dL) 1.3 0.5-10.7 1.4+0.8 1.3 0.7-10.2 1.4+0.7
Cholesterol (mg/dL) 141.0 50.0-386.0 146.7 £ 43.5 135.0 30.0-317.0 1423 +£41.2
Triglycerides (mg/dL) 103.0 25.0-437.0 115.3 £52.3 99.0 28.0-358.0 110.8 £ 50.5
HDL (mg/dL) 36.0 20.0-85.0 38.0+9.7 38.0 20.0-74.0 38.8+9.8
LDL (mg/dL) 81.0 24.0-313.0 86.7 £ 32.9 80.0 26.0-382.0 84.2 +32.7
CK-MB (U/L) 22.0 2.0-980.0 34.5+57.6 22.0 7.0-1089.0 32.5+60.3
Sodium (Na) (mmol/L) 139.5 116.0-164.5 139.1 £ 4.0 140.0 121.5-148.0 139.6 £3.7
Potassium (K) (mmol/L) 4.2 29-7.3 42 +0.5 4.2 2.7-6.6 42+04
WBC (x10°/L) 7.6 2.5-23.6 81+29 7.4 2.4-20.9 79+2.7
RBC (x10°/L) 4.6 2.6-8.4 4.6+0.7 4.6 2.7-7.5 4.7+0.7
Hemoglobin (Hb) (g/dL) 13.6 6.0-19.9 13.5+2.1 13.7 8.1-19.8 13.7+2.1
Hct (%) 41.8 19.7-63.3 41.8+6.0 41.8 25.2-62.8 423+59
RDW (%) 14.5 11.5-24.6 149+ 2.0 14.5 11.8-23.6 15.0 £ 2.0
Platelet (x10°/uL) 188.0 40.0-573.0 197.1 £ 69.5 185.0 50.0-578.0 1983 +£71.9
MCYV (fL) 90.1 58.3-118.1 89.4+7.1 90.9 62.3-112.3 90.3 £ 6.9
MCH (pg) 29.3 16.4-43.1 29.0+29 29.6 17.8-37.7 29.2+29
MCHC (g/dL) 324 25.9-43.5 323+1.6 324 26.2-36.3 323+1.6
PT (s) 13.2 12.0-36.0 144+ 3.5 13.3 12.0-36.0 144+34
INR 1.1 1.0-10.5 1.3+0.7 1.1 1.0-6.5 1.3+0.6
PTT (s) 27.0 20.0-120.0 29.5+9.5 27.0 20.5-120.0 29.6 + 10.0

BMI: body mass index, SBP: systolic blood pressure, DBP: diastolic blood pressure, FBS: fasting blood glucose, BUN: blood urea
nitrogen, HDL: high-density lipoprotein, LDL: low-density lipoprotein, CK-MB: creatine kinase-MB, WBC, white blood cell, RBC:

red blood cell, RDW: red cell distribution width, Hct: hematocrit, MCV: mean corpuscular volume, MCH: mean corpuscular he-

moglobin, MCHC: mean corpuscular hemoglobin concentration, PT: prothrombin time, INR: international normalized ratio, PTT:

partial thromboplastin time, SD, standard deviation.

all ML methods was greater than 0.90. RF outperformed the
other ML methods in terms of accuracy (Table 3). Moreover,
with the multiple imputation method, SVM and RF had the
highest accuracy (Table 4).

Figure 1 displays the top 10 VIMPs obtained from RF using
both imputation methods for missing data. Ejection fraction,
prothrombin time (PTT), and sodium were found to be the
three most important variables for predicting hospital read-
mission in HF patients with the median imputation method
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(Figure 1A). Using the multiple imputation approach, the
highest VIMP for RF was PTT (Figure 1B). Ejection fraction,
PTT, sodium, substance abuse, CK-MB, blood urea nitrogen
(BUN), and age were similarly important variables using
both imputation methods.

IV. Discussion

The results of this study show that, in terms of accuracy, RF
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performed better than other ML methods for predicting hos-
pital readmission in HF patients. Other ML methods, except
LS-SVM, had highly similar performance and showed good

Table 2. Baseline characteristics of heart failure patients

Hospital readmission
No (n = 1,314) Yes (n = 542)

Hospital departments (ward) 803 (61.1) 356 (65.7)
Sex (male) 742 (56.5) 350 (64.4)
History of diabetes (yes) 377 (28.7) 158 (29.2)
History of hypertension (yes) 780 (59.4) 309 (57.0)
History of blood lipids (yes) 152 (11.6) 52 (9.6)
Smoking (yes) 175 (13.3) 113 (20.8)
Substance abuse (yes) 179 (13.6) 99 (18.3)
History of MI (yes) 57 (4.3) 41 (7.6)
Family history of HF (yes) 59 (4.5) 40 (7.4)
History of stroke (yes) 65 (4.9) 21(3.9)
COPD (yes) 57 (4.3) 34 (6.3)
Thyroid disease (yes) 75 (5.7) 29 (5.4)
Respiratory disease (yes) 142 (10.8) 65 (12.0)
Kidney disease (yes) 143 (10.9) 61 (11.3)
CABG (yes) 128 (9.7) 79 (14.6)
CAG (yes) 125 (9.5) 60 (11.1)

Values are presented as number (%).
MI: myocardial infarction, HF: heart failure, COPD: chronic
obstructive pulmonary disease, CABG: coronary artery bypass

graft, CAG: coronary angiography.

Predicting Hospital Readmission

discrimination, with accuracy in the range of 0.84-0.90.

Various studies have investigated readmission among HF
patients using different ML methods. However, it is dif-
ficult to compare the results of these studies, because each
study considered different characteristics of HF patients.
For instance, Landicho et al. [5] compared the performance
of logistic regression, SVM, RE, and neural network SVMs
to predict hospital readmission in HF patients with a cost-
sensitive approach. They found that SVM had better per-
formance than other methods. Similar results were also re-
ported in a study conducted by Artetxe et al. [25]. In another
study, Awan et al. [17] used different ML methods to predict
30-day readmission or death with an imbalanced dataset.
They showed that the multi-layer perceptron approach had
the highest performance compared to other methods. An-
graal et al. [26] also found the performance of RF was better
than other ML methods. This finding is consistent with our
results.

In the current study, we also identified the importance of
variables by RE. The results of this method showed that ejec-
tion fraction, PTT, sodium, substance abuse, BUN, and CK-
MB were important variables for hospital readmission in
HF patients. These results are in agreement with previous
studies [26-28]. Frizzell et al. [27] compared traditional and
ML methods for predicting readmission in HF patients. The
results of the logistic regression model indicated that HF re-
admission was associated with some variables such as BUN,
ejection fraction, age, and sodium. These variables were
identified as important variables based on RF in our study.

Table 3. Performance criteria of machine learning methods using the median imputation method

Methods Set Sensitivity Specificity PPV NPV Accuracy
SVM Train 0.66 (0.010) 0.99 (0.001) 0.98 (0.007) 0.93 (0.001) 0.94 (0.001)
Test 0.62 (0.016) 0.95 (0.011) 0.75 (0.049) 0.92 (0.005) 0.89 (0.009)
LS-SVM Train 0.87 (0.008) 0.53 (0.070) 0.28 (0.027) 0.95 (0.005) 0.59 (0.057)
Test 0.86 (0.015) 0.51 (0.073) 0.27 (0.032) 0.94 (0.007) 0.57 (0.059)
Bagging Train 0.54 (0.017) 0.99 (0.001) 0.95 (0.015) 0.91 (0.003) 0.91 (0.003)
Test 0.52 (0.021) 0.96 (0.011) 0.75 (0.060) 0.90 (0.006) 0.88 (0.009)
AdaBoost Train 1.00 (0) 1.00 (0) 1.00 (0) 1.00 (0) 1.00 (0)
Test 0.85(0.012) 0.87 (0.020) 0.58 (0.044) 0.96 (0.003) 0.86 (0.016)
RF Train 0.81 (0.008) 1.00 (0) 1.00 (0) 0.96 (0.001) 0.97 (0.001)
Test 0.72 (0.016) 0.95 (0.011) 0.78 (0.047) 0.94 (0.004) 0.91 (0.009)
NB Train 0.67 (0.007) 0.96 (0.004) 0.77 (0.020) 0.93 (0.001) 0.91 (0.004)
Test 0.64 (0.017) 0.93 (0.011) 0.66 (0.041) 0.92 (0.004) 0.88 (0.009)

The number in parenthesis denotes standard deviation.

PPV: positive predicted value, NPV: negative predicted value; SVM: support vector machine, LS-SVM: least-square support vector

machine, RF: random forest, NB:
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Table 4. Performance criteria of machine learning methods using the multiple imputation method

HIR

Methods Set Sensitivity Specificity PPV NPV Accuracy
SVM Train 0.66 (0.010) 0.99 (0.001) 0.98 (0.006) 0.93 (0.001) 0.94 (0.001)
Test 0.62 (0.017) 0.95 (0.011) 0.75 (0.052) 0.92 (0.004) 0.90 (0.008)
LS-SVM Train 0.87 (0.009) 0.55 (0.061) 0.29 (0.026) 0.95 (0.004) 0.60 (0.049)
Test 0.86 (0.015) 0.54 (0.060) 0.28 (0.028) 0.95 (0.005) 0.60 (0.049)
Bagging Train 0.48 (0.024) 0.99 (0.001) 0.95 (0.016) 0.90 (0.004) 0.90 (0.004)
Test 0.46 (0.027) 0.95 (0.014) 0.69 (0.066) 0.89 (0.006) 0.87 (0.010)
AdaBoost Train 1.00 (0) 1.00 (0) 1.00 (0) 1.00 (0) 1.00 (0)
Test 0.84 (0.012) 0.84 (0.021) 0.54 (0.039) 0.96 (0.003) 0.84 (0.017)
RF Train 0.80 (0.009) 1.00 (0) 1.00 (0) 0.96 (0.001) 0.96 (0.001)
Test 0.69 (0.018) 0.94 (0.013) 0.73 (0.051) 0.93 (0.004) 0.90 (0.010)
NB Train 0.69 (0.008) 0.94 (0.005) 0.71 (0.019) 0.93 (0.001) 0.89 (0.004)
Test 0.66 (0.017) 0.90 (0.018) 0.59 (0.046) 0.92 (0.004) 0.86 (0.014)

The number in parenthesis denotes standard deviation.

PPV: positive predicted value, NPV: negative predicted value; SVM: support vector machine, LS-SVM: least-square support vector

machine, RF: random forest, NB: naive Bayes.
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Figure 1. Top 10 variable importance (VIMP) values for predicting hospital readmission in heart failure patients using two imputation
methods for missing data: (A) median imputation method and (B) multiple imputation method. EF: ejection fraction, PTT:
partial thromboplastin time, CK-MB: creatine kinase-MB, BUN: blood urea nitrogen, Hct: hematocrit, DBP: diastolic blood

pressure, LDL: low-density lipoprotein.

A systematic review by Ouwerkerk et al. [28] also reported
that BUN, sodium, and race were the top three most im-
portant variables for HF hospitalization. In another study,
Angraal et al. [26] showed that BUN was the second most
important variable for HF hospitalization. These findings
are also consistent with our results, according to which BUN
was the fourth most important variable.

Based on our findings, age and creatinine were important
variables for HF readmission. Previous studies have con-
firmed this result [17,18,29]. In a study conducted by Landi-
cho et al. [5], 12 variables were significantly associated with
hospital readmission in HF patients. However, none of them
were identified as important variables in our study. This may
be due to differences in the methods of considering variables

312 www.e-hir.org

between both studies. They used the filter and wrapper fea-
ture selection methods, and the initial variables were also
different from those used in the present study.

Missingness of data could affect the performance of ML
methods. Using imputation methods to deal with missing
data may improve the discrimination ability of ML meth-
ods. In this study, the performance of the ML methods was
highly similar using both imputation methods and showed
good discrimination. Lorenzoni et al. [18] showed that the
performance of ML methods was better when they excluded
missing data. This may have been due to the low percentage
of missing data in their study; furthermore, they did not as-
sess whether the missingness was random.

The primary limitation of this study is that the data did
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not include patients’ medication and psychosocial informa-
tion, which may have improved the performance of the ML
methods. Despite this limitation, our study showed that
ML methods had good performance in predicting hospital
readmission in HF patients. These results can improve car-
diologists’ ability to identify HF patients at high risk for hos-
pital readmission. Identifying high-risk patients provides a
valuable opportunity to perform early clinical interventions,
which may reduce patients’ risk of readmission. In fact, pre-
venting hospital readmission can improve patients’ quality of
life and reduce medical costs.

In conclusion, this study showed that the performance of
RF provided better results, in terms of accuracy, than other
ML methods for predicting hospital readmission in HF pa-

tients.
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