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Abstract—Avoidable hospital readmission is problematic as 

it increases the burden on healthcare systems. leads to a 

shortage of hospital beds and impacts on the costs of healthcare. 

Various machine learning algorithms have been applied to 

predict patient readmissions. However, existing literature has 

only focused on individual features of health conditions without 

consideration of associations between features. This paper 

proposes discriminative pattern-based features as a technique to 

improve readmission prediction. First, discriminative patterns 

that occur disproportionately between two classes: readmission 

and non-readmission, were generated based on hospital 

electronic health records. Second, the patterns were fed as 

features into a classification model for readmission prediction. 

We have evaluated these discriminative pattern-based features 

in three datasets: diabetes, chronic kidney disease and all 

diseases. Experiments with each dataset showed that the 

features of chronic disease cohorts have less differences between 

the readmission and the non-readmission classes than the all-

diseases cohort.  Our proposed pattern-based model improved 

the prediction performance in terms of AUC (Area Under the 

receiver operating characteristic curve) by about 12% 

compared with the baseline models for the all-disease cohort, 

however it showed little improvement for either the diabetes or 

chronic kidney disease datasets.  

Keywords—Hospital readmission, pattern mining, 

discriminative patterns  

I. INTRODUCTION  

A hospital readmission happens when a patient returns to 
the same hospital or another hospital within a certain time 
frame after discharge from the initial admission. Excessive 
readmissions use up resources and are a significant cost for 
hospitals. For example, readmissions within 30 days 
accounted for 20% of all admissions and cost about $17 
million in 2004, the United State [1]. Now, many countries 
consider hospital readmission rates as a measurement of the 
quality of hospital services; therefore, reducing patient 
readmissions in hospitals is an issue of great concern to 
funding bodies.  

Preventing readmission can be achieved by understanding 
key factors leading to the hospital readmission and predicting 
who is likely to be readmitted after discharge. When a patient 
is identified as at high risk, clinicians can provide additional 
interventions to reduce the chance of readmission, which 
provide patients with a higher quality of service and can avoid 
unnecessary expenditure. Thus, it has become important to 
identify who is likely to be readmitted. Due to the widespread 

adoption of electronic health records systems (EHR) around 
the world, researchers have a keen interest in using machine 
learning algorithms to produce prediction models which are 
well known to have the capability to handle complex data.  

Various machine learning algorithms have been applied to 
predict the likelihood of patients’ readmission and to discover 
leading factors for readmissions. Logistic regression has been 
the most widely applied algorithm to predict readmissions 
[2,3]. In recent years, more complicated machine learning 
techniques such as random forests, and gradient boosting 
methods, have been implemented to improve the performance 
of readmission prediction [4]. Most of the prediction models 
utilise demographic, historical and medical information about 
patients for prediction. However, these models limit their 
approaches focusing on individual features not considering 
correlations between them. Considering that many features 
such as patients’ demographic features, medications, 
diagnoses, procedures are related to each other, it is reasonable 
to take relationships between these features into account when 
predicting readmission.  

To address this issue, we propose a new type of 
discriminative patterns which can be generated from an EHR 
dataset. These patterns can be used as features to represent 
patients for prediction.  In the context of readmission 
prediction, patients can be classified into two classes, 
readmission and no-readmission, based on whether they have 
a readmission history or not. Pattern mining is a typical data 
mining technique to discover associations between individual 
features in large transactional datasets. A pattern is a set of 
individual features which are associated with each other. The 
discriminative patterns are a set of specific patterns which 
occur disproportionately in the two patient classes. We believe 
discriminative patterns would differentiate the two patient 
classes more clearly than individual features by utilising the 
associations between features. Several methods have been 
suggested to find discriminative patterns including ratio or 
difference of frequency [5, 22]. In this study, we take both 
frequency and frequency differences into consideration to find 
strong discriminative patterns.         

The main contributions of this study are summarised as 
follows: 1) to propose a new type of discriminative pattern to 
differentiate objects in two classes for readmission prediction 
2) to build a classification model to predict readmission by 
using the discriminative patterns as features, and 3) conduct 
experiments to evaluate the prediction performance of the 
proposed models. 



II. RELATED WORKS  

Feature selection is one of the critical steps for building 
classification models. In some previous studies, features for 
readmission prediction were mainly selected from patients’ 
EHR data based on advice from domain experts using their 
medical knowledge and experience. Another popularly used 
method for feature selection is the univariate feature selection 
that chooses features based on statistical significance 
measured by chi-square, information gain, or Odds ratio [6-9]. 
Strack, DeShazo, Gennings et al. Reference [6] proposed 
LACE (Length of stay, Acuity of the encounter, Comorbidity 
index score, and Emergency department use in six months 
before the admission) for hospital readmission prediction. 
These are the most widely used features for predicting 
readmission. Cui, Wang, Wang et al. [9] compared various 
statistical measures and demonstrated that chi-square 
outperforms over other methods on accuracy for readmission 
prediction. These authors recommend that the selected 
features are ‘the number of visits in the preceding year’, 
‘diagnostic information’, ‘discharge disposition’, ‘number of 
procedures during the encounter’, and ‘time in hospital’ and 
so on. Bradford, Shah, Shane et al. [8] compared the 
characteristics of readmission group and no-readmission 
group via chi-square and proposed 5 factors contributing to 
30-day readmission which include: ‘employment status’, 
‘disable status’,  ‘emergency department visit in the past 90 
days’, ‘longer than 5 days of the length of stay during the 
visit’, and ‘a serum urea level > 45mg/dL’.  

Discriminative pattern mining has also been proposed to 
detect differences between classes and improve the 
performance of classification [5, 21, 22]. SupMaxK proposed 
in [22] is an algorithm to generate patterns that have high 
support in one class and low support in the other class. 
Authors from [5] proposed C-Motif algorithm to generate a 
pattern type called Conditional Phosphorylation Motif which 
is based on the relative support ratio or support odds ratio, and 
also a local significance measure. The local significance 
measure evaluates the significances of sub-items of a pattern 
so that the algorithm chooses patterns with sub-items having 
local significance greater than the defined threshold.  

III. METHODS 

A. Problem Statements 

In this section, we explain the necessity of choosing 
discriminative patterns as features for classification-based 
readmission prediction. As mentioned above, many attempts 
to find the best features for classification have been 
conducted. However, these mainly focus on the correlation 
between individual features and readmission/non-
readmission. However, few studies have considered 
associations between features for classification. Frequent 
pattern mining has been widely adopted and proved that it can 
enhance the performance of classification by discovering the 
relationships between features [10]. Most pattern mining 
algorithms  are to generate frequent patterns which occur 
frequently in the whole dataset. These frequent patterns are 
certainly important because frequent occurrence means that it 
has a significant role in a dataset. However, frequent patterns 
are useless if it exists in two classes with a similar proportion. 
These patterns cannot represent any class even though it is 
frequent because they cannot differentiate the two classes. 
Thus, we propose the discriminative patterns to enhance the 
characteristics of each class. 

For further illustration, take Fig. 1 as an example. The 
sample dataset consists of two classes: positive class (+) and 
negative class (-). Each class has 10 objects each of which 
contains some of the 10 features 𝑥1 , …,  𝑥10 . For the first 
object, it is in a positive class and contains two features 
{𝑥4, 𝑥5 }. Several patterns can be generated in Fig. 1. We 
consider a pattern frequent in its class if it occurs in more than 
half of the objects of that class. We have two frequent item 
sets: 𝐼1 = { 𝑥1 , 𝑥2, 𝑥4, 𝑥5 } for the positive class and 𝐼2 =
 {𝑥4, 𝑥5, 𝑥6, 𝑥7} for the negative class. Then, frequent patterns 
for size 2 for the positive class include 𝑃1 = {𝑥1 , 𝑥2}, and 
𝑃2 = {𝑥4, 𝑥5}, while for the negative class is 𝑃2 = {𝑥4, 𝑥5} 
and 𝑃3 = {𝑥6 , 𝑥7 } as the number of occurrence of these 
patterns in each class is greater than 5. As shown in Fig. 1, 𝑃1 
only appears in the positive class whereas 𝑃3 exists only in 
the negative class, which means it has discriminative features. 
In contrast, as 𝑃2 appears in both classes with the same 
proportion, it hardly represents any class. Thus, even though 
𝑃2 is frequent, it is not a discriminative pattern. Whether a 
pattern can be discriminative or not depends on the threshold 
of how much differences between the two classes should be. 
Once the threshold is set, discriminative patterns will be 
selected by comparing the threshold with the differences of 
frequency between two classes. For 𝑃1, the number of objects 
in the positive class is 7, while 0 in the negative class. As a 
result, the difference is 7. If the threshold is set as 5, it will be 
a discriminative pattern. 

 

ID Class 𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝟒 𝒙𝟓 𝒙𝟔 𝒙𝟕 

1 +        

2 +        

3 +        

4 +        

5 +        

6 +        

7 +        

8 +        

9 +        

10 +        

11 -        

12 -        

13 -        

14 -        

15 -        

16 -        

17 -        

18 -        

19 -        

20 -        

Figure 1 sample of the dataset. There are two classes each has 10 objects. 
Rows indicate objects, and columns indicate individual features. The two 

classes can be clearly differentiated from each other by discriminative 

patterns p1 = {𝑥1, 𝑥2} and p3 = {𝑥6, 𝑥7}. 

B. Discriminative patterns 

Let 𝐷  be a data set with two classes. Each object in 𝐷 is 
represented by a set of features or attributes. 𝐷 can be divided 
into two subsets based on classes,  𝐷1 contains objects 
representing positive class (e.g., readmission class) and 𝐷2 



contains objects representing negative class (e.g., non-
readmission class), thus 𝐷 = 𝐷1, ∪ 𝐷2 , 𝐷1, ∩ 𝐷2 =  ∅. For a 

pattern, 𝑝 = { 𝑥1, 𝑥2, 𝑥3, … . . , 𝑥𝑛 }, 𝑥𝑖 is a feature or attribute 
in 𝐷, the relative support or simply support of 𝑝 over 𝐷1 is:  

 

sup(𝑝, 𝐷1) =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑗𝑒𝑐𝑡𝑠 𝑖𝑛  𝐷1 𝑤ℎ𝑖𝑐ℎ 𝑐𝑜𝑛𝑡𝑎𝑖𝑛 𝑝  

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑗𝑒𝑐𝑡𝑠 𝑖𝑛 𝐷1

(1) 

 

A pattern p is frequent in 𝐷1 when sup (𝑝, 𝐷1) is no less 
than a given threshold (0 <  𝜃𝑠𝑢𝑝 < 1). After generating all 

frequent patterns from each class, we now compare the 
support of these patterns between two data sets and calculate 
differences.  The absolute difference of support of the pattern 
𝑝  in terms of 𝐷1 and 𝐷2  is defined below, where 𝐷1  is 
considered as a base class:  

𝐴𝑆𝐷(𝑝, 𝐷1) = sup(𝑝, 𝐷1) − sup(𝑝, 𝐷2) (2) 

 

The ratio of absolute difference of support over base class, 
called ‘relative support difference’, is defined as  

𝑅𝑆𝐷(𝑝, 𝐷1) =
𝐴𝑆𝐷(𝑝, 𝐷1)

sup(𝑝, 𝐷1)
(3) 

 

In this research, the relative support difference will be used 
to measure the discriminative power of patterns. If 
𝑅𝑆𝐷(𝑝, 𝐷1 , 𝐷2) ≥ 𝜃𝑟𝑠𝑑 , 𝜃𝑟𝑠𝑑  is the minimum relative 
difference threshold,  𝑝  is considered as a discriminative 
pattern. Discriminative patterns from both classes will be 
selected as input features.  The parameters required in this 
study are support threshold 𝜃𝑠𝑢𝑝  and the relative support 

difference threshold 𝜃𝑟𝑠𝑑.   The discriminative patterns are 
required to be sup(𝑝, 𝐷1)  ≥  𝜃𝑠𝑢𝑝 and 𝑅𝑆𝐷(𝑝, 𝐷1, 𝐷2)  ≥
 𝜃𝑟𝑠𝑑 . Additionally, we propose a new measure, called 
discrimination score to select the best discriminative patterns 
by taking into account both support and the relative support 
difference of patterns. It is calculated as a linear combination 
of the two parts with weight 𝑤 to determine the importance of 
each of them. Setting 𝑤 = 0.5 indicates that we consider the 
support and the relative support difference with the same 
weight.  

 

𝐷𝐶𝑆𝑐𝑜𝑟𝑒(𝑝, 𝐷1) = 𝑤 ∗ sup(𝑝, 𝐷1) + (1 − 𝑤) ∗ 𝑅𝑆𝐷(𝑝, 𝐷1) 
( 0 < 𝑤 < 1) (4) 

C. Algorithm 

The algorithm of generating discriminative patterns for 
predicting patient readmission is presented in Algorithm 1.  To 
begin with, we divided the original dataset into two datasets 
based on its classes: readmission class and no-readmission 
class (Line1). Then, frequent patterns of up to size k are 
generated from each class by applying the Apriori pruning 
algorithm (Line2~3). Next, we will calculate the relative 
support difference by comparing the support value of patterns 
from each class (Line 5) and the discriminative score with 
predefined weight value 𝑤 (Line 6).  When a pattern has the 
relative support difference and the discriminative score that is 
greater than each threshold, it will be selected as a 
discriminative pattern (Line 7~8). In the end, a set of 
discriminative patterns from each class will be generated. 

IV. EXPERIMENTS AND EVALUATION 

We evaluated the proposed discriminative patterns by 
comparing the performance of readmission prediction models 
against existing algorithms.  

Algorithm 1: Generate discriminative patterns  

Input: Dataset 𝐷 containing objects labelled with two classes 

          Thresholds 𝜃𝑠𝑢𝑝, 𝜃𝑟𝑠𝑑, 𝜃𝑠𝑐𝑜𝑟𝑒, 𝑤 

Output: Discriminative patterns from two class 𝐷𝑃1 , 𝐷𝑃2 

1 Divide the initial dataset 𝐷 into two classes 𝐷1 and 𝐷2 according 

to the labels 

2: Generate frequent patterns up to size- 𝑘 from 𝐷1:  

 𝐹𝑃1 = { 𝑝| 𝑖𝑓 sup(𝑝, 𝐷1) >  𝜃𝑠𝑢𝑝}  

3: Generate frequent patterns up to size-𝑘 from 𝐷2:  

 𝐹𝑃2 = { 𝑝| 𝑖𝑓 sup(𝑝, 𝐷2) >  𝜃𝑠𝑢𝑝}  

4: For each pattern 𝑝 (𝑝 ∈  𝐹𝑃1, 𝑝 ∈ 𝐹𝑃2 ) 

5: 
𝑅𝑆𝐷(𝑝, 𝐷1) =

𝑠𝑢𝑝(𝑝, 𝐷1) − 𝑠𝑢𝑝(𝑝, 𝐷2)

sup (𝑝, 𝐷1)
  

6: 𝐷𝐶𝑆𝑐𝑜𝑟𝑒(𝑝, 𝐷1) = 𝑤 ∗ sup(𝑝, 𝐷1) + (1 − 𝑤) ∗ 𝑅𝑆𝐷(𝑝, 𝐷1)  

where 𝑤 is a predefined weight value 

7: If 𝑅𝑆𝐷(𝑝, 𝐷1) >  𝜃𝑟𝑠𝑑 and 𝑆𝑐𝑜𝑟𝑒(𝑝, 𝐷1, 𝐷2) >  𝜃𝑠𝑐𝑜𝑟𝑒  

8: 𝐷𝑃1 = 𝐷𝑃1  ∪ {𝑝} 

9 For each pattern 𝑝 (𝑝 ∈  𝐹𝑃2, 𝑝 ∈ 𝐹𝑃1) 

10 
𝑅𝑆𝐷(𝑝, 𝐷2) =

𝑠𝑢𝑝(𝑝, 𝐷2) − 𝑠𝑢𝑝(𝑝, 𝐷1)

𝑠𝑢𝑝 (𝑝, 𝐷2)
  

11 𝐷𝐶𝑆𝑐𝑜𝑟𝑒(𝑝, 𝐷2) = 𝑤 ∗ 𝑠𝑢𝑝(𝑝, 𝐷2) + (1 − 𝑤) ∗ 𝑅𝑆𝐷(𝑝, 𝐷2) 

where 𝑤 is a predefined weight value 

12: If 𝑅𝑆𝐷(𝑝, 𝐷2) >  𝜃𝑟𝑠𝑑 and DC𝑆𝑐𝑜𝑟𝑒(𝑝, 𝐷2) >  𝜃𝑠𝑐𝑜𝑟𝑒  

13 𝐷𝑃2 = 𝐷𝑃2  ∪ {𝑝} 

14 Return 𝐷𝑃1 and 𝐷𝑃2 

 

A. Datasets  

We used 3 datasets in the evaluation: diabetes, chronic 
kidney disease, and all-diseases cohorts. 

1) Diabetes dataset 
It contains 10 years (1999-2008) of medical data at 130 

hospitals from the United States. It includes 53 features 
representing patients with at least diabetes among three 
diagnoses [16].  

2) MIMIC-III 
This dataset is from the Beth Israel Deaconess Medical 

Centre in Boston, Massachusetts, which is publicly available 
for research purposes. It stores extensive data about patients 
with all diseases including demographics, diagnoses, 
medications, procedures and lab tests between 2001 and 2012 
[17].  

3) CKD.QLD Registry 
It contains hospital admission data for a group of patients 

with chronic kidney diseases (CKD) receiving renal specialty 
care in the public health system in Queensland, Australia 
between 2011 and 2018 [18]. Admissions with dialysis codes 
such as ‘Z491’, Z492‘, ‘Z490’, are removed as they are not 
unplanned [24]. 



In the experiment, an admission is considered as a 
readmission if a patient returns to a hospital within 30 days 
after being discharged with no planning. When patients have 
multiple admissions in the datasets, we calculate the number 
of days from the last discharge date and if the admission 
occurs within 30 days, then this is labelled as 1, readmission, 
otherwise 0. Diagnosiss codes (ICD-9 for diabetes and 
MIMIC-III datasets,  ICD-10-AM for CKD.QLD dataset) are 
essential individual features in the datasets. There are 954, 
6984, 5455 diagnosis codes occurring in diabetes, MINIC-III, 
and CKD.QLD datasets, respectively. In fact, many diagnosis 
codes belong to the same category. Based on the Elixhauser 
index comorbidities [19,23], the diagnosis codes were firstly 
converted into 31 groups. The diagnosis codes that are not 
included in Elixhauser comorbidities are assigned to the 
fourth-digit categories in ICD-9 classification or three-digit 
categories in ICD-10-AM. Finally, all continuous features 
were discretised into categorical features, making the total 
number of features 64, 56, and 63 for diabetes, CKD.QLD and 
MIMIC-III datasets respectively.  

A summary of each dataset is shown in Table 1. The 
readmission rates of three datasets are 11.3%, 22.4% and 5.4% 
for diabetes, CKD.QLD and MIMIC III datasets respectively, 
which means they are very imbalanced. Diabetes and CKD, 
which are both known as chronic diseases have higher 
readmission rates than the all-disease cohort, MIMIC III. 

 Diabetes CKD.QLD MIMIC III 

Number of patients 59,561 6,058 41,225 

Number of admissions 82,894 28,484 51,271 

Number of diagnosis codes 954 5455 6984 

Rate of Readmission  11.3% 22.4% 5.4% 
 Table 1 Summary of three datasets 

Table 2 shows the relative support difference of some 
features including 11 of diagnoses groups between two classes 
in the datasets. The average relative support differences of all 
features are 0.15, 0.11, and 0.27 for diabetes, CKD.QLD and 
MIMIC-III datasets respectively. The MIMIC-III dataset was 
found to have a relatively higher average relative support 
difference compared to the other two datasets; however, we 
can see from Fig. 2 that support of the same feature in the two 
classes are still close. 

B. Experiment settings 

1) Prediction models 
We implemented Gradient Boost [11] as our classifier. 

Gradient boost classifier is a state-of-the-art ensemble 
learning method that has achieved improved performance in 
many studies for hospital readmission prediction [12-14].   

The C-Motif algorithm proposed by [5] was chosen as one 
baseline model.   The algorithm generates conditional 
phosphorylation Motifs, a type of discriminative patterns, 
based on two statistical significance measures, which are 
defined below.  

Global statistical significance of a pattern 𝑝 , denoted as 
𝑆𝑖𝑔(𝑝, 𝐷1, 𝐷2), is measured by the support odds ratio: 

𝑆𝑖𝑔(𝑝, 𝐷1, 𝐷2) =  

sup(𝑝,   𝐷1)
1 − sup(𝑝,   𝐷1)

sup(𝑝,   𝐷2)
1 − sup(𝑝,   𝐷2)

(5) 

Local statistical significance of a pattern 𝑝 , denoted as 
𝑆𝑖𝑔𝑙(𝑝, 𝐷1 , 𝐷2), is defined below: 

 

𝑆𝑖𝑔𝑙(𝑝, 𝐷1, 𝐷2) =  min
1≤𝑖≤𝑘

𝑆𝑖𝑔(𝑝, 𝐷1(𝑝𝑖), 𝐷2(𝑝𝑖)) (6) 

 

Where 𝑘  is the size of 𝑝, 𝐷1(𝑝𝑖) and 𝐷2(𝑝𝑖) consist of 
transactions which contain  𝑝 ’s size 𝑘 − 1  sub-patterns 
without the ith item, in the two classes, respectively.    

Compared with the equation (5), our method from 
equation (3) measures the scale of support difference over the 
two classes and selects patterns with the relative support 
difference no less than the defined threshold.    

Discriminative patterns generated by our proposed 
algorithm were evaluated by the performance of readmission 
prediction in comparison with patterns from C-Motif. 
Parameters required for C-Motif are the support threshold, the 
global significance threshold, and the local significance 
threshold. We set these parameters where they generate the 
same number of patterns as we do.  

Chi-square was chosen as another baseline feature 
selection because it has been widely applied and showed the 
best performance in existing methods for readmission 
prediction [7,9].  

All datasets were extremely imbalanced. In order to deal 
with the imbalanced class problem, SMOTE (Synthetic 
minority over-sampling technique) which is the most widely 
applied in the existing literature was implemented. It creates 
samples of minority class considering k-nearest minority 
neighbours [15].  

 

Figure 2 Support of some features in the two classes in MIMIC-III 
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  Features Relative Support Difference (average) 

Diabetes CKD.QLD MIMIC III 

age 0.22  0.07  0.21  

ethnicity  - 0.14  0.21  

gender 0.01  0.01  0.02  

insurance  - - 0.25  

marital status  - - 0.28  

Length of Stay or Time in hospital 0.20  0.11  0.04  

Number of emergency visits in the year preceding  0.21  - - 

Number of inpatient visits for the year preceding 0.35  - - 

Number of outpatient visits for the year 0.08  - - 

Number of diagnoses during the admission 0.18  0.18  0.32  

Number of lab test during the admission 0.10  - 0.19  

Number of medications prescribed  0.13  - 0.08  

Number of procedures received during the admission  - 0.03  0.11  

cardiac arrhythmia 0.01 0.10 0.24 

chronic pulmonary disease 0.04 0.26 0.31 

coagulopathy 0.11 0.16 0.20 

congestive heart failure 0.15 0.31 0.40 

diabetes 0.01 0.11 0.27 

fluid and electrolyte disorders 0.07 0.12 0.28 

hypertension 0.06 0.02 0.12 

liver disease - - 0.37 

pulmonary circulation disorder - 0.26 0.34 

renal failure 0.23 0.12 0.48 

Persons with a condition influencing their health status - 0.11 0.48 

insulin 0.08  - - 

metformin 0.14 - - 

A1C test result 0.10 - - 

CKD Stages - 0.13  - 

Average relative support difference between the readmission class 
and non-readmission class 

0.15 0.11 0.27 

Table 2 The average of relative support differences of some features used for the readmission prediction. Elixhauser Comorbidities group was used for grouping 

diagnosis codes.  

The prediction model was built in Python using Scikit-learn.  
Each dataset was split into 70% for training and 30% for 
validation and 10-fold cross-validation was applied. 

2) Parameter Settings 
To generate discriminative patterns, we first fixed two 

parameters, 𝜃𝑠𝑢𝑝  and 𝑤 , as 0.2 and 0.4, respectively. The 

weight 𝑤, 0.4 means we would like to put more weight on 
relative support difference rather than support when choosing 
discriminative patterns for the readmission prediction.  The 
threshold of relative difference 𝜃𝑟𝑠𝑑 was set to 0.3, 0.25, and 
0.2 for MIMIC-III, diabetes and CKD.QLD respectively.  In 
order to conduct a fair comparison with C-Motif, we select top 
10 discriminative patterns based on the discriminative score. 

  Hyper-parameters of Gradient Boost Classifier are set to 
learning_rate = 0.01, max_depth = 11, n_estimators = 200.   

C. Evaluation 

1) Discriminative patterns  
Discriminative patterns were generated using Algorithm 1.  

For the three datasets, the top 10 discriminative patterns were 
selected based on the discriminative score calculated using 
Equation (4) for each class. The patterns generated by our 
model and the C-Motif model are shown in Tables 3, 4, 5 for 
MIMIC-III, diabetes and CKD.QLD, respectively.  

Taking MINIC-III dataset as an example, there are 5 
common discriminative patterns from both approaches 
displayed in bold in Table 3. According to the result, patients 
who were diagnosed with ‘congestive heart failure’ and 
‘diagnoses = [V40-V49]’ are likely to be readmitted within 30 
days after discharge. The pattern {‘congestive heart failure’, 
‘diagnoses = [V40-V49]’} is selected as important by both 
algorithms. Diagnoses codes [V40-V49] is one of chapters of 

ICD-9 classification where patients are admitted hospitals 
with some conditions influencing health status such as mental 
problems, which can be converted to ICD-10 classification, 
[Z00-Z99].  

The major difference between the proposed algorithm and 
C-Motif is that C-Motif generates patterns from only one 
class, i.e. readmission class, while our approach generates 
patterns from both classes. Therefore, we can find 
discriminative patterns representing the non-readmission class 
as well. For example, patients with private insurance, the 
number of lab test less than 50, and the number of medications 
less than 10, are unlikely to be readmitted, which is unable to 
be discovered from C-Motif algorithm. For the readmission 
class, our model chooses patterns with ‘los = >3’ as 
discriminative, however, C-Motif decides that ‘renal failure’ 
is significant. Considering that length of stay is one of the 
popular features selected by other studies [1,3,4,7,8,12], 
patterns selected by our method are reasonable.       

 For diabetes dataset, patterns are displayed in Table 4. 
Both models consider three patterns: {‘number of inpatient 
visits = [>=2]'}, {‘number of inpatient visits = [>=2]', 
'A1Cresult = None'} and {‘number of inpatient visits = [>=2]', 
'A1Cresult = None'} are discriminative. However, our 
proposed model chooses the pattern {‘number of diagnoses = 
[>=6]', ‘number of inpatient visits = [>=2]'} is significant 
while C-Motif selects the pattern {‘number of diagnoses = 
[>=6]', ‘number of medications = [>=16]'} as important. 
Using our method, we can find that features such as ‘number 
of emergency visits = [0]', ‘number of inpatient visits = [0-1]', 
and ‘time in hospital = [0-4]' are highly discriminative for non-
readmission class. 

 



Methods Class Final Discriminative patterns from MIMIC-III 

Discriminative 

patterns  

Readmission {‘diagnoses = [v40-v49]’} 

{‘diagnoses = [v40-v49]’, number of procedures = [0-10]'} 

{‘diagnoses = [v40-v49]’, 'congestive heart failure’} 

{‘congestive heart failure’, ‘number of diagnoses = [>10]’} 

{‘number of diagnoses = [>10]', ‘number of procedures = [0-10]', 'congestive heart failure’} 

{‘los = >3', ‘diagnoses = [v40-v49]’, ‘number of procedures = [0-10]'} 

{‘los = >3', ‘number of diagnoses = [>10]’} 

{‘los = >3', ‘diagnoses = [v40-v49]’} 
{‘diagnoses = [v40-v49]’, ‘number of diagnoses = [>10]'} 

{‘number of diagnoses = [>10]', ‘diagnoses = [v40-v49]’,’number of procedures = [0-10]'} 

Non-
readmission 

{'marital status = unknown’} 
{'age = [<30]’} 

{‘insurance = private’, ‘number of lab tests = [0-50]'} 

{‘insurance = private’, ‘number of lab tests = [0-50]', ‘number of medications = [0-80]'} 
{‘insurance = private', ‘number of lab tests = [0-50]', number of procedures = [0-10]'} 

{‘insurance = private’, ‘number of diagnoses = [0-10]'} 

{‘number of diagnoses = [0-10]', ‘number of lab tests = [0-50]', ‘number of medications = [0-80]'} 
{‘number of diagnoses = [0-10]', ‘number of lab tests = [0-50]'} 

{‘number of diagnoses = [0-10]', ‘number of lab tests = [0-50]', number of procedures = [0-10]'} 

{‘los = >3', ‘number of diagnoses = [0-10]'} 

C-Motif  Readmission {‘diagnoses = [v40-v49]’} 

{’diagnoses = [v40-v49]’, ‘number of procedures = [0-10]’} 

{‘diagnoses = [v40-v49]’, ‘congestive heart failure’} 

{’congestive heart failure’, ‘number of diagnoses = [>10]’} 

{‘number of diagnoses = [>10]’, ‘number of procedures = [0-10]’, ’congestive heart failure’} 

{'number of diagnoses = [>10]'} 

{‘renal failure’} 
{‘congestive heart failure’} 

{‘number of procedures = [0-10]’, ’renal failure’} 

{‘number of procedures = [0-10]’, ‘number of diagnoses = [>10]’} 

Table 3 Comparison of patterns from the proposed discriminative patterns and C-Motif algorithm. Patterns in Bold indicates that they are defined discriminative 
in both methods. Diagnoses with v40-v49 means that patients have some factors influencing health status 

 

Dataset Class Final Discriminative patterns from Diabetes 

Discriminative 
patterns  

Readmission {'A1Cresult = None’, ‘number of inpatient visits = [>=2]'} 

{‘number of inpatient visits = [>=2]'} 

{'A1Cresult = None’, ‘number of inpatient visits = [>=2]', ‘glucose serum test = None’} 

{‘number of inpatient visits = [>=2]', ‘glucose serum test = None'} 

{‘number of diagnoses = [>=6]', 'A1Cresult = None', ‘number of inpatient visits = [>=2]'} 

{‘number of inpatient visits = [>=2]', 'race = Caucasian'} 

{‘number of diagnoses = [>=6]', ‘number of inpatient visits = [>=2]', ‘glucose serum test = None’} 

{‘number of diagnoses = [>=6]', ‘number of inpatient visits = [>=2]'} 

{‘number of diagnoses = [>=6]', 'A1Cresult = None’, ‘congestive heart failure’} 

{'A1Cresult = None’, ‘number of inpatient visits = [>=2]', ‘congestive heart failure’} 

Non-

readmission 

{‘number of inpatient visits = [0-1]', ‘time in hospital = [0-4]'} 

{‘number of emergency visits = [0]', ‘number of inpatient visits = [0-1]', ‘time in hospital = [0-4]'} 

{‘number of inpatient visits = [0-1]', ‘time in hospital = [0-4]', ' glucose serum test = None'} 

{‘number of inpatient visits = [0-1]', ‘number of medications = [0-15]'} 

{‘number of outpatient visits = [0]', ‘number of inpatient visits = [0-1]', ‘time in hospital = [0-4]'} 

{‘number of emergency visits = [0]', ‘number of medications = [0-15]', ‘number of inpatient visits = [0-1]'} 

{‘number of inpatient visits = [0-1]', ‘number of medications = [0-15]', ‘time in hospital = [0-4]'} 

{‘number of outpatient visits = [0]', ‘number of medications = [0-15]', ‘number of inpatient visits = [0-1]'} 

{‘number of lab procedures = [0-50]', ‘number of inpatient visits = [0-1]', ‘time in hospital = [0-4]'} 

{‘number of emergency visits = [0]', ‘number of inpatient visits = [0-1]', 'age = [30-60)'} 

C-Motif Readmission {‘number of inpatient visits = [>=2]'} 

{‘number of diagnoses = [>=6]'} 

{‘number of inpatient visits = [>=2]', 'A1Cresult = None'} 

{'A1Cresult = None', 'congestive heart failure'} 

{‘number of diagnoses = [>=6]', 'A1Cresult = None'} 

{‘number of diagnoses = [>=6]', ‘number of medications = [>=16]'} 

{‘number of diagnoses = [>=6]', ‘number of medications = [>=16]', 'A1Cresult = None'} 

{'insulin', ‘number of diagnoses = [>=6]', 'A1Cresult = None'} 

{‘number of diagnoses = [>=6]', 'A1Cresult = None', 'congestive heart failure'} 

{'race = Caucasian', 'insulin', 'A1Cresult = None'} 

Table 4 Comparison of the patterns generated by our proposed algorithm and C-Motif from diabetes dataset. 

 



Dataset Class Final Discriminative patterns from CKD.QLD 

Discriminative 

Patterns 

 

Readmission {'diagnoses = Z00-Z99', 'diabetes'} 

{'diagnoses = Z00-Z99', 'diabetes', ‘Australia South Sea Islander = No’} 

{'diagnoses = Z00-Z99', 'diabetes', ‘number of procedures = [0-5]'} 

{'diagnoses = Z00-Z99', 'number of diagnoses = [>10]', ‘number of procedures = [0-5]'} 

{'diagnoses = Z00-Z99', 'number of diagnoses = [>10]', ‘diabetes'} 

{'diagnoses = Z00-Z99 ', ‘birth country = Australia', 'diabetes'} 

{'diagnoses = Z00-Z99', 'number of diagnoses = [>10]'} 

{‘number of diagnoses = [>10]', 'diagnoses = Z00-Z99', ‘Australia South Sea Islander = No’} 

{'number of diagnoses = [>10]', ‘number of procedures = [0-5]'} 

{‘Australia South Sea Islander = No', 'number of diagnoses = [>10]’, ‘number of procedures = [0-5]'} 

Non-

readmission 

{‘number of diagnoses = [0-10]', ‘ckd stage = No’, 'sex = male'} 

{'diagnoses = U00-U99', ‘number of diagnoses = [0-10]', 'Indigenous status = Not '} 

{'diagnoses = U00-U99', 'los_<=4', ‘number of diagnoses = [0-10]'} 

{'los_<=4', ‘number of diagnoses = [0-10]', ‘ckd stage = No’} 

{'Indigenous status = Not ', ‘age = [31-60]', ‘ckd stage = No’} 

C-Motif Readmission {'number of diagnoses = [>10]', ‘number of procedures = [0-5]'} 

{'diagnoses = Z00-Z99', 'number of diagnoses = [>10]', ‘number of procedures = [0-5]'} 

{‘number of diagnoses = [>10]'} 

{'diagnoses = Z00-Z99'} 

{'diagnoses = Z00-Z99', 'number of diagnoses = [>10]'} 

{‘number of diagnoses = [>10]', ‘diabetes'} 

{'diabetes', 'diagnoses = Z00-Z99'} 

{‘number of diagnoses = [>10]', 'diagnoses = Z00-Z99', ‘diabetes’} 

{'diagnoses = Z00-Z99', ‘Australia South Sea Islander = No’} 

{‘number of diagnoses = [>10]', 'diagnoses = Z00-Z99', ‘Australia South Sea Islander = No’} 

Table 5 Comparison of the patterns generated by our proposed algorithm and C-Motif from CKD.QLD dataset. Patterns in Bold indicates that they were 
discriminative from both methods. 

 

From Table 5, for chronic kidney disease patients, our 
method decides the pattern {‘diabetes’, ‘diagnoses = [Z00-
Z99]’} as discriminative whereas C-Motif selects the pattern 
and all subsets of the pattern, {‘diabetes’} and {‘diagnoses = 
[Z00-Z99]’}, as important. Additionally, our method suggests 
that patterns {'diagnoses = U00-U99', ‘number of diagnoses = 
[0-10]', 'Indigenous status = Not '}, {'diagnoses = U00-U99', 
'los_<=4', ‘number of diagnoses = [0-10]'} are closely related 
to non-readmission class. 

From the patterns generated for all the three datasets, we 
can see that age, prior hospital utilisation, length of stay, and 
the number of diagnoses are important factors that 
differentiate the two classes, which is consistent with results 
from the literature [20]. Comorbidities such as ‘congestive 
heart failure’, ‘diabetes’ and ‘diagnoses = [V40-V99] or [Z00-
Z99]’ are also significant predictors for readmissions.  

2) Readmission Prediction evaluation 
We evaluated the performance of readmission prediction 

models with the proposed discriminative patterns as features 
in terms of Area Under the receiver operating characteristics 
Curve (AUC).  

Table 6 shows that pattern-based features mined by both 
our algorithm and C-Motif perform better than the model with 
individual features. Our proposed model with MIMIC III 
presents 12% of improvement over chi-square selection. 
However, discriminative patterns from both the diabetes and 
CKD.QLD datasets do not significantly improve the 
prediction performance. This is because there exists little 
support for the differences in features between the 
readmission class and the non-readmission class in these two 
datasets so that even discriminative patterns mined by our 
algorithm hardly differentiate the two classes. 

 

 Diabetes MIMIC-III CKD.QLD 

Chi-Square 0.53 0.55 0.53 

C-Motif 0.57 0.62 0.53 
Proposed model 0.58 0.62 0.54 

Table 6 The area under the receiver operating characteristics curve (AUC) of 
the Gradient Boost classifier built with patterns generated by C-Motif and 

Our proposed algorithm. 

V. CONCLUSION 

In this research, we proposed the discriminative patterns 
to achieve useful insights and improve the prediction 
performance of 30-days hospital readmission. Currently, 
feature selection methods proposed by the literature only 
consider the importance of single feature to the readmission 
outcome, showing moderate results. Discriminative patterns 
are selected concerning the support differences and frequency 
of patterns between the readmission class and the no-
readmission class. The proposed models outperformed the 
baseline, gradient boost model with chi-square selection, 
showing that pattern-based features enhance the performance 
of readmission prediction. However, the improvement was not 
significant. From the experiments, because patients have 
similar patterns either readmitted or not, traditional 
classification methods cannot predict readmission accurately 
and therefore, more sophistic algorithms such as deep learning 
which can find latent relationships between features are 
required.   

We acknowledge the limitations of our study. Firstly, we 
used only diagnosis codes for medical information. However, 
there exist more information such as procedures, and 
medications prescribed. More detailed information can 
improve the performance of readmission prediction. 
Secondly, sequences have not been taken into consideration in 
this study. It is natural especially for patients with chronic 
diseases to have multiple admissions. From the results of our 



experiments, features regarding hospital utilisation have 
significant roles in predicting readmission. Some diseases or 
treatments from each admission could be a primary cause for 
the next admission. Therefore, deep learning algorithms will 
be developed which considers the history of patient hospital 
utilisation to predict 30-day readmission accurately. Lastly, 
deep learning-based models need a very large number of 
training samples to accurately generate the relationships 
between features. Fortunately, in medical areas, there are well-
established domain ontologies which describe relationships 
between medical concepts by hierarchical structure such as 
ICD-9 and CCS (Clinical Classification Software). Our future 
work will utilize the hierarchical relationships among medical 
concepts in medical ontologies to improve the performance of 
readmission prediction.    
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