Journal of Medical Systems (2019) 43: 18
https://doi.org/10.1007/s10916-018-1136-x

SYSTEMS-LEVEL QUALITY IMPROVEMENT

@ CrossMark

Prediction of Hemodialysis Timing Based on LVW Feature Selection

and Ensemble Learning

Chang-zhu Xiong'

- Minglian Su? - Zitao Jiang' - Wei Jiang'

Received: 4 November 2018 / Accepted: 3 December 2018 /Published online: 13 December 2018

© Springer Science+Business Media, LLC, part of Springer Nature 2018

Abstract

We propose an improved model based on LVW embedded model feature extractor and ensemble learning for improving
prediction accuracy of hemodialysis timing in this paper. Due to this drawback caused by feature extraction models, we adopt
an enhanced LVW embedded model to search the feature subset by stochastic strategy, which can find the best feature combi-
nation that are most beneficial to learner performance. In the model application, we present an improved integrated learners for
model fusion to reduce errors caused by overfitting problem of the single classifier. We run several state-of-the-art Q&A methods
as contrastive experiments. The experimental results show that the ensemble learning model based on LVW has better general-
ization ability (97.04%) and lower standard error (+0.04). We adopt the model to make high-precision predictions of hemodi-
alysis timing, and the experimental results have shown that our framework significantly outperforms several strong baselines.
Our model provides strong clinical decision support for physician diagnosis and has important clinical implications.
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Introduction

Chronic kidney disease is widespread throughout the world. It
is a progressive disease with an early incidence of 100 times as
late as the late stage. Premature dialysis is not conducive to the
preservation and recovery of residual renal function.
Therefore, it is necessary to dig out the key feature that guide
patients to receive dialysis treatment through data mining
techniques, and help doctors to choose the appropriate dialysis
timing. In this case, we propose a model fusion scheme based
on LVW (Las Vegas Wrapper) embedded model feature ex-
tractor to improve hemodialysis prediction accuracy. By
selecting key features related to hemodialysis, the physician
can decide whether the patient needs hemodialysis or not, to
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choose the timing of hemodialysis for the patient and to im-
prove the patient’s survival rate. The overall framework of this
paper is shown in Fig. 1.

As shown in Fig. 1, the inconsistent and incorrect data is
first cleaned in the data preprocessing process; then the key
features of the processed data are extracted using the LVW
method; the prediction model is created using the ensemble
learning method proposed in this paper. Finally, based on the
trained model, we can predict whether the patient sample
needs dialysis.

During data preprocessing, inconsistent and incorrect data
values are cleaned, and data conversion and normalization
processes are performed. Data cleaning includes imputation
of missing values, reduction of data noise, and elimination of
consistency; data conversion includes standardized data,
discretized data, and construction of new attributes. The pur-
pose of our dialysis prediction is to assist doctors in diagnosis
and treatment and to participate in accurate clinical decision-
making. We use data analysis to establish a model that can
accurately predict whether a patient needs dialysis treatment.
In this way, the burden on the doctor can be reduced and the
operating efficiency of the hospital can also be improved.

The current study has confirmed a significant difference
between pre-hemodialysis and post- hemodialysis mortality
[1], and the timing of dialysis has implications for other
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Fig. 1 Model framework of hemodialysis prediction

patient complications [2], so the study of hemodialysis has
important practical needs and significance [3]. There have
been many studies on the timing of hemodialysis, for exam-
ple, the diagnosis and treatment of senile renal disease and
dialysis; the timing of hemodialysis [4] and so on.
Moreover, machine learning techniques have been used ex-
tensively in medical assistance, for example, the use of logistic
regression to analyze the association between obesity index
and chronic kidney disease [5], and the assessment of renal
disease [6]; based on support vector machine in the diagnosis
of chronic kidney disease [7] and diagnosis of breast cancer;
the study of the impact of different feature selection on kidney
disease [8]; prediction of breast cancer survival using big data
[9]; chronic disease diagnosis based on data mining;
predicting end-stage renal disease based on artificial neural
networks; identifying diseases using Bayesian network and
ROC curve analysis in medical diagnostic evaluation and so
on. There are also many researches on feature selection and
model application. For example, impulse noise recognition
based on artificial neural network classifier, feature
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Fig. 2 An overview of the ensemble classifier for Filter and Wrapper
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dimensionality reduction [10, 11] based on PCA; combination
based on ANFIS and neural network methods to predict elec-
tricity demand [12]; using ensemble learning intelligence for
accurate data mining [13]; using supervised learning for be-
havioral prediction [14]. In addition, there are many research
work related to feature extraction and dialysis. Feature selec-
tion for chest radiographs[15] and hormones in hemodialysis
patients [16]; relationship between hemodiafiltration and car-
diovascular mortality [17]; machine learning for medical data
[18] and mental health [19]; changes in salivary composition
after hemodialysis [20] and classification of motor imagery
[21]; construction of medical big data warehouse [22] and
acquisition system [23]; artificial intelligence systems for
interpreting medical datasets [24], application in medical field
[25] and predicting customer default in E-commerce [26].
These studies utilize machine learning techniques to make
decision analysis on medical data or other data.

Methodology
Feature selection

Features of the medical data set may have redundancy and low
correlation features. If the important features can be selected
from the data set, the dimension disaster problem will be
solved. In addition, removing irrelevant features will often
reduce the difficulty of training model tasks, and the interpret-
ability of the models will also be improved.

The feature selection process includes the following four
parts: generation process, evaluation function, stop criteria,
verification procedure:

1) Generation Procedure: The generation procedure is a pro-
cess of searching for a subset of features and is
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Table 1 The pseudo code of LVW algorithm

Imput: Data Set: D;
Feature Set A;
Learning Algorithm € ;
Stop Condition Control Parameter: T;

Process:

E=o0;

cd=1Af;

TA¥=A;

1t=0;

: while t<T do

generate feature subsets A’;
d=|A’};

E’ = CrossValidation( £ (DA ));
9: if (E’<E)V ((E’=E)/\(d’<d)) then;
10: t=0;

11: E=E’;

12: d=d’;

13: A*=A’

14: else

15: t=t+1;

16: endif

17: end while

Output: Feature Subset A*

*®

responsible for providing feature subsets for the evalua-
tion function.

2) Evaluation Function: The evaluation function is a criteri-
on for evaluating the extent of a feature subset.

3) Stopping Criterion: The stopping criterion is related to the
evaluation function and is generally a threshold value.
When the evaluation function value reaches this thresh-
old, the search can be stopped.

4) Validation Procedure: Verify the validity of the selected
feature subset on the verification data set.

Fig. 3 The structure of ensemble
Data 1

According to their working principle, common feature
selection methods can be roughly divided into two major
categories: Filter and Wrapper. Filter feature selection
Regardless of the follow-up learner, wrapper feature se-
lection directly uses the performance of the learner as the
evaluation criteria of feature subset. It can also be said
that the purpose of the wrapper feature selection method
is to select the most advantageous feature subset of the
learning performance for the learner. Because the wrapper
feature selection method directly optimizes the given
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Table2  The importance coefficient of 25 features based on the PCA
Item SEX AGE HEIGHT WEIGHT BPHIGH
Coefficient —0.052 —0.0 —0.021 0.009 —0.13
Item BPLOW SCR CYSC CCR ALB
Coefficient  0.016 -1.126 -1.16 0.001 —0.084
Item HB BUN NS CA P
Coefficient  0.181 -0.275 0.156 0.133 0.158
Item NA K CcOo2 TG WBC_J
Coefficient —0.076 0.042  0.086 —0.094 0.279
Item RBC J TP Q ALB GPT GOT
Coefficient —0.421 —0.132  0.241 —0.192 0.157

learner, it has better prediction performance than filter
feature selection from the perspective of the final learner
performance. The sketch that the Filter and the Wrapper
for the feature selection embedded in the ensemble clas-
sifier was shown in Fig. 2.

In this paper, LVW (Las Vegas Wrapper) method is used
for feature selection. LVW uses the random search strategy to
search for feature subset under the framework of Las Vegas
method. The prediction error of the ensemble classifier which
is finally embedded is used as the selected feature subset eval-
uation standard. In the LVW algorithm, a stochastic strategy is
used to select the feature subset. Each evaluation of the feature
subset needs to retrain the learner. The pseudo code of LVW
algorithm is shown in Table 1. The eighth line of the algorithm
utilizes cross-validation on dataset D to estimate the prediction
error of learner ¢ on feature subset A ‘. If the error of C is
smaller than the error on the A, the feature subset A ‘is saved.

As shown in Table 1, the LVW selects features based on the
accuracy of subsequent models to select the most appropriate
feature subsets that are most beneficial to the performance of a
particular learner. LVW firstly randomly selects feature sub-
sets, then uses the selected features to build a prediction mod-
el, and feeds back the selected features according to their
performance. LVW uses a random search strategy to search
for feature subsets. In the stochastic strategy, only several
feature subsets are randomly selected first, and the learning
model is used for multiple trainings. Then add another feature
to train, remove the feature with the smallest weight based on
the training result, and then carry out the next training based

Table 3 The Ranking of features based on RFE method

on the new feature subset. Thus, by recursively eliminating the
feature subset of the minimum weight, the model can be con-
structed repeatedly to find the best feature subset that con-
forms to the model.

The LVW feature selection method solves the disadvan-
tages of traditional feature selection methods that need to sep-
arate feature selection and model building, and directly com-
bines the subsequent model establishment for its customized
feature subset.

Ensemble learning

For a complex task, using multiple learners to predict the
proper comprehensive judgment is better than either of
them alone. Ensemble learning can accomplish learning
tasks by combining and building multiple learner, which
can give full play to the advantages of each learner, learn
multiple classifiers, and effectively improve classification
performance. As shown in Fig. 3, we show the general
structure of ensemble learning: first we produce a set of
“individual learner”, and then combine these learners with
some strategies.

In this paper, we proposed ensemble learning such as RF
(Random Forest), AdaBoost and GBDT (Gradient Boosting
Decison Tree) and seven kinds of classifier such as SVM
(Support Vector Machines), KNN (k-NearestNeighbor), NB
(Naive Bayes) MLP (Multi-layer Perceptron), ET (Extremely
Randomized Trees), and LR (Logistic Regression) to train
and test the ten models with a large number of different data
sets. A number of experiments were carried out to determine
the optimal weights of the ten models. Each weak learner in
the process of establishing a predictive model is a classifier,
and ensemble learning is performed by the voting weighting
method. According to the different predictive performance of
each weak classifier, different voting weights are assigned.
And the greater the performance, the bigger the voting values.
The final prediction result is the weighted average of the
prediction results of the weak classifiers. In this way, the
prediction performance of the model can be improved and
the overfitting possibility of a single classifier can be reduced.

Among these models, AdaBoost is an algorithm that
promotes weak learners to strong learners. The working
mechanism of this algorithm is to train the base learner

(Ranking, Features)

(1.0, ‘CCR?), (1.0, ‘CYSC?), (1.0, ‘SCR”), (2.0, ‘BUN?), (3.0, ‘HB"), (4.0, ‘P*), (5.0, ‘CO2’)
(6.0, ‘ALB’), (7.0, °NS”), (8.0, ‘CA"), (9.0, ‘HEIGHT"), (10.0, ‘BPHIGH"), (11.0, ‘Q_ALB")
(12.0, “WBC_J*), (13.0, ‘WEIGHT"), (14.0, “TP"), (15.0, ‘SEX’), (16.0, ‘GOT"),(17.0, ‘RBC_J)
(18.0, TG"), (19.0, ‘AGE’), (20.0, ‘K’), (21.0, ‘NA’), (22.0, ‘BPLOW’), (23.0, ‘GPT")
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Table 4 The weight table of the feature subset based on LVW

(Weight, Features)

(0.906, ‘SCR), (0.667, “CCR”), (0.652, “CYSC”), (0.209, ‘BUN’), (0.088, ‘P’)
(-0.265, ‘K”), (~0.335, ‘RBC_J"), (~0.413, ‘HB’), (~0.417, ‘BPHIGH), (~0.452, ‘CO2")

(=0.604, ‘SEX’), (~0.706, ‘AGE’), (~0.734, ‘BPLOW’), (~0.736, ‘NA’)

(~0.746, “WEIGHT"), (~0.766, ‘HEIGHT"), (~0.77, ‘GPT"), (-0.816, ‘ALB")

(~0.818, “CA’),(-0.821, ‘GOT’), (~0.869, “TG"), (~0.879, ‘WBC_J")
(~0.891, “N'S*), (~0.904, ‘Q ALB"), (=0.929, ‘TP’

from the initial training set first, and then adjust the
training sample distribution according to the perfor-
mance of the base learner. The training samples that
were previously misclassified by the base learner are
assigned more weights later, and the next base learner
is trained based on the adjusted sample distribution.
AdaBoost adopts the method of weighted majority vot-
ing, which increases the weight of weak classifiers with
small classification error rate, making it more effective
in voting, and reducing the weak classifier with large
classification error rate, making it less effective in vot-
ing. When training set D is {(x1,01),(x2,02)s- - (XsVi) }3
weak learner is (; the number of training is T; we get
AdaBoost output H(x):

bi(x) =1/m (1)

he = ((D, b) (2)

&r = Po~by(hy(x)#£(x)) (3)
1 1—¢,

a,:21n< ;) 4)

H(x) = sign(¥,_, " arhi(x)) (5)

where the classifier /s trained from the data set D based on
the distribution 4, and the error of 4, is estimated. Then the
weight of is obtained, and the sample distribution is updated.

The evaluation of the generalization ability of the learners
requires not only an effective and feasible experimental eval-
uation method, but also the evaluation index of the

Table 5 The feature selection method on model enhancement

Feature method Accuracy Std
PCA 0.9330 + 0.07
RFE 0.9293 + 0.03
MCMC 0.8957 + 0.05
mRMR 0.9361 + 0.04
LVW 0.9668 + 0.04

generalization ability of the model. In contrast to the perfor-
mance of different models, the use of different performance
evaluation indicators will lead to different performance eval-
uation results.

Experiments and results
ESRD data preparation and preprocessing

The experimental data that were collected from the HIS sys-
tem in the Department of Nephrology of Chengdu Military
Region General Hospital came from the results of clinical
testing for patients with kidney disease from January 2011 to
December 2015, including 287,059 incomplete clinical data
of all the renal diseases in the hospital at this stage. The pre-
diction model built using this data is suitable for local practice.
In the data collection process, the label of each sample of the
data is timely and appropriate, that is, the patient’s dialysis
decision made by the doctor under the current vital signs. So
we solved the problem of cognitive bias and expectation
influencing the initiation of dialysis.
Data processing consists of the following five steps:

(1) Unified data storage form: the patient ID as a benchmark,
a number of excel file data were fused to form a norma-
tive sample of a sample data.

(2) Remove unrelated attributes: such as patient ID, exami-
nation time, etc., and the attributes associated with chron-
ic kidney disease were retained.

(3) Data cleaning: According to the selected feature attri-
butes, the feature of missing number greater than 15%
of the total sample were removed, and samples of
Scr&Bun containing missing values were deleted; the
missing values of the data were replaced by the corre-
sponding feature mean values.

(4) Data transformation: In the feature Sex, 0 for men and 1
for women; the category of label attribute Dialysis was
replaced by 0 for dialysis, and 1 for non dialysis.

(5) Datanormalization: all features were mapped to the [0,1]
according to the maximum and minimum ratio.

@ Springer
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Fig. 4 The prediction point map
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After data preprocessing, we obtained 1338 samples of
chronic kidney disease and 25 features, including 507 dialysis
samples and 831 non dialysis samples.

Experimental results of feature selection

In this experiment, we used PCA/RFE/MCMC/mRMR and
LVW method to get the feature correlation coefficient and
weight of each feature from 1338 preprocessing samples.
The best feature extraction method is selected by comparing
the five feature selection methods to improve the performance
of the model.

The importance coefficient of 25 features based on the
PCA dimension reduction is shown in Table 2. The larger
the absolute value of the coefficient, the greater the signifi-
cance of the feature. It can be seen that the absolute values of
the two feature coefficients of both SCR and CYSC are more
than 1 as the dominant feature. The absolute value of the
feature coefficients of Q_ALB, BUN and RBC I is the main
feature.

oconfusion_matrix1 160

140

120

100

80

True label

- 60

L a0

- 20
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Fig. 5 The confusion matrix of ensemble learning
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In this experiment, ten fold cross-validation is used in
the RFE recursive feature elimination method, and the
base learner model is RF. As shown in Table 3, the fea-
tures are sequentially ordered according to their important
priorities, and CCR, CYSC, and SCR are the first 3 key
features selected by RFE.

The weight ratio of each feature subset is shown in Table 4.
With the reference weight coefficient of SCR as a percentage,
we can see that the SCR weight dominated, SYSC, CCR and
BUN play an important role. From the largest weight of SCR
to the smallest weight of TP, it can be seen that the features of
SCR, CYSC, CCR and BUN are the main features according
to the LVW method.

In this paper, the optimal feature dimensionality reduc-
tion method is selected based on the comprehensive com-
parison of PCA/RFE/MCMC/mRMR and LVW method.
From the above experiment, five dominant features of
SCR, CYSC, Q_ALB, BUN and RBC J can be obtained
from PCA dimensionality reduction; three dominant fea-
tures of CCR, CYSC and SCR can be obtained from RFE
recursive feature elimination; three dominant features
such as SCR, CYSC and CCR can be obtained from
MCMC; four dominant features such as SCR, CYSC,
CCR and BUN can be obtained from mRMR; four lead-
ing features of SCR, CYSC, CCR and BUN can be ob-
tained from LVW method. Table 5 shows the experimen-
tal results of the feature selection method on model
enhancement.

Table 6 The performance indicator table of ensemble learning

Precision Recall F1- Support
score
Class 0 0.96 0.99 0.98 107
Class 1 0.99 0.98 0.98 161
Avg / Total 0.98 0.98 0.98 268
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Table 7 The performance comparison of several state-of-the-art
methods

Classifier Accuracy Std
Ada 0.9701 + 0.03
SVM 0.9587 + 0.04
KNN 0.9290 + 0.04
RandomForest 0.9479 + 0.04
GBDT 0.6009 + 0.01
NB 0.9473 + 0.04
DT 0.6009 + 0.01
MLP 0.9550 + 0.04
ET 0.9588 + 0.04
LR 0.9550 + 0.04
Ensemble 0.9704 + 0.01

Experimental results of ensemble learning

According to the LVW method, the first five features were
selected: SCR, SYSC, CCR, BUN and P, and the experiments
used ten classifiers to fuse the model. The experimental data
samples were randomly divided into training set 80% (1070
samples), test set 20% (268 samples). After 10 random exper-
iments, the average performance of the prediction model was
obtained. In this paper, the model performance obtained by
ensemble learning is shown as follows. The integrated model
prediction point map is shown in Fig. 4. The confusion matrix
of the integration model is shown in Fig. 5, and the perfor-
mance indicator table of ensemble learning is shown in
Table 6.

As shown in Fig. 4, the red prediction value basically co-
incides with the green real value, which shows that the inte-
grated model is better than the single learner.

As can be seen from the confusion matrix in Fig. 5, only 3 out
of 268 samples in the test set are misclassified. It can be seen
from Table 6 that the prediction accuracy in Class 1 reaches 99%
and the overall prediction performance reaches 98%.

In this paper, a large number of different datasets were used
to train and test ten models and ten fold cross-validation was
used to conduct multiple experiments to determine the best
combination strategy of the model. Table 7 shows the perfor-
mance comparison between the integrated model and the ten
other learners.

As shown in Table 7, in comparison with other learner
models, the ensemble learning has the best average precision
and lower standard deviation, showing that the ensemble
learning that we proposed is effective. In general, the test set
error is close to the training set, showing that the ensemble
learning model has better generalization ability. In addition,
we can also see that most integrated learners perform better
than single learners, and AdaBoost method performs better
than other control methods.

Conclusion

In this paper, we analyzed and predicted the hemodialysis
timing of ESRD, and proposed an enhanced prediction model
based on LVW and ensemble learning. According to the re-
sults of comparison between PCA/RFE/MCMC/mRMR and
LVW, this paper discarded the traditional feature selection
method based on the relationship between feature subset,
and extracted the 4 key features of SCR, CYSC, CCR and
BUN using LVW method. In the aspect of model application,
we used a variety of learners such as RF, AdaBoost, GBDT,
SVM, KNN, NB, DT, MLP, ET, LR and so on to produce
multiple classifiers based on data sets. Ten fold cross-
validation was utilized to train and test ten models with a large
number of different datasets and a number of experiments
were carried out to calculate the optimal weight for the ensem-
ble model. Through a large number of comparative experi-
ments of ten other learners, we can see that the model based
on LVW and ensemble learning proposed in this paper has the
remarkable effect of reducing the hyperthyroidism features
and eliminating the noise, and has more excellent generaliza-
tion ability (97.04%) and AUC value (99%) and lower stan-
dard error (+— 0.04). The study in this paper may have impor-
tant clinical effects. We apply machine learning techniques to
clinical data to assist physicians in making medical decisions
that make decisions smarter and more accurate. The results of
the study have proved that the proposed model is effective
against predicting the timing of hemodialysis.
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