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Abstract
Aiming at the problem of low accuracy of classification learning algorithm caused by serious imbalance of sample set in medical
diagnostic application, this paper proposes a distribution-sensitive oversampling algorithm for imbalanced data. The algorithm
accurately divides the minority samples into noise samples, unstable samples, boundary samples and stable samples according to
the location of the minority samples. Different samples are processed differently to select the most suitable sample for the
synthesis of new samples. In the case of sample synthesis, a distribution-sensitive sample synthesis method is adopted.
Different sample synthesis methods are selected according to their different distance from the surrounding minority samples,
so as to ensure that the newly synthesized samples have the same characteristics with the original minority samples. The real
medical diagnostic data test shows that this algorithm improves the accuracy rate of classification learning algorithm compared
with the existing sampling algorithms, especially for the accuracy rate and recall rate of minority classes.

Keywords Medical diagnosis . Imbalanced data . Data resampling . Oversampling . Undersampling . Classification learning

Introduction

With the advent of era of big data and the gradual open-
ing and sharing of medical and health big data, the anal-
ysis and application of medical big data has become a
new research hotspot and an important means to realize
the wise medical treatment. The use of medical and health
big data makes personal medical and health data become
an important strategic resource, bringing the development
and reform of the medical and health service industry,
including personalized medical services, precision medical
treatment, personalized medicine, and so on.

Medical diagnosis is one of themost important applications
of health and medical big data. However, the imbalance of
medical and health big data seriously affects the accuracy of
medical diagnosis classification learning algorithm.
Imbalanced data means that at least one category in a dataset
contains less samples than other categories. Data imbalance
exists widely in the real world, especially in medical big data.
Imbalanced big data is due to the large difference in the num-
ber of different categories of data sample, for example, in the
actual medical big data set, the data imbalance ratio often
exceeds 1000:1. The traditional machine learning method as-
sumes that the sample distribution of the dataset is basically
uniform. Therefore, in the design of the algorithm, the overall
accuracy rate is taken as the optimization objective, and there
is no distinction between different categories of samples.
Imbalanced data makes it difficult for traditional learning al-
gorithms to achieve good results, so it is necessary to pre-
process the data before learning with training sets, that is the
resampling of imbalanced big data.

In the classification learning of imbalanced big data in
medical diagnosis, unlike the general imbalanced big data
classification learning algorithm, the recall rate of the minority
classes in medical diagnosis is very high, which can properly
sacrifice the overall algorithm and the classification accuracy
of majority classes. In addition, there are often very few
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minority samples in medical diagnostic dataset, and the qual-
ity requirements of the newly generated minority samples is
very high when over-sampling the minority classes. For ex-
ample, in tumor diagnosis, newly generated tumor samples
should conform to the overall characteristics of this category.
Therefore, it is very important to study the over-sampling
algorithm of imbalanced big data for medical diagnosis.

In this paper, an oversampling method for distribution-
sensitive imbalanced big data is proposed in order to meet
the classification learning needs of imbalanced big data in
medical diagnosis, including the distribution-sensitive minori-
ty sample selection algorithm and the minority sample synthet-
ic algorithm of weight adaptive adjustment, which improves
the quality of newly generated minority samples. The real
medical data set proves that the algorithm effectively improves
the accuracy of medical diagnosis classification learning
algorithm.

Related research

In the field of imbalanced data learning, Sun, Y., Wong, A.K.
et al. [1] have given a systematic overview of imbalanced data
problems and corresponding solutions. In 2009, Garc’ıa [2]
gave an undersamplingmethod for imbalanced large data clas-
sification. L’opez et al. [3] provided insights into the nature of
the imbalanced data learning problem and analyzed the trend
of related technologies. Wang and Yao [4] focused on the
multi classification problem of imbalanced data, and gave
the solution. Zhang et al. [5] further studied the multi-
classification of imbalanced data, focusing on the perfor-
mance of multi-classification algorithm. Krawczyk et al. [6]
discussed the challenges faced by imbalanced data learning
and the future development trend and research direction.

Oversamplingmethods for minority classes are an important
research direction in imbalance data classification learning. The
earliest oversampling method is random oversampling, which
randomly selects minority samples for copying, thereby in-
creasing the proportion of the minority classes. However, ran-
dom selection of samples for copying may result in copying a
large number of noise samples, which are not important sam-
ples. Therefore, various heuristic oversampling methods have
emerged. Heuristic oversampling is also a copy of minority
samples, and does not create new examples by itself. The dif-
ference is that which samples are copied is selective, not ran-
dom. The method of copying minority samples is simple to
implement, but it is easy to cause over-fitting of the classifier
due to a large number of repeated samples.

The new sample synthesis method is not simply to copy
minority samples, but to generate new minority samples by
using the existing minority samples, which can effectively
avoid the over-fitting problem caused by too few samples in
the classification process. The method of synthesizing new

samples has been extensively studied. The SMOTE [7]
(Synthetic Minority Over-sampling Technique) method pro-
posed by Chawla et al. is used to calculate the similarity of the
samples in the feature space and to select and synthesize new
minority samples based on the similarity. Bunkhumpornpat
et al. [8] improved the SMOTE method by introducing the
concept of security level, which assigned a security level to
each new minority sample before it was synthesized to ensure
that all the newly synthesized minority samples were in the
security zone. Han et al. [9] proposed an over-sampling algo-
rithm Borderline-SMOTE based on classification boundary.
The algorithm considers that the samples of classification
boundary have the greatest influence on the classification ef-
fect, so only the minority classes near the boundary are over-
sampled. Bunkhumpornpat et al. put forward a density based
SMOTE sampling method DBSMOTE [10, 11]. First, the
DBSCAN method is used to scan the data set and form a
clustering. Then, for each minority class sample, a new mi-
nority sample is synthesized on the shortest path between each
minority class cluster center and it. Finally, there are more new
synthetic samples near the minority clustering centers. KE
Bennin et al. have recently proposed a method for the synthe-
sis of minority samples based on the theory of chromosomal
inheritance, which interprets two different samples as parents,
inheriting different characteristics from each parent and con-
tributing to the diversity of data distribution [12].

At present, the research on over-sampling methods for mi-
nority samples in imbalanced data classification is aimed at
general data sets, and the quality of minority samples is not as
high as that of medical diagnostic data [13–15]. The effect of
existing methods applied to medical diagnostic data sets needs
to be improved.

Distribution-sensitive unbalanced data
oversampling method

In this paper, a distribution-sensitive oversampling algorithm
for imbalanced data is proposed. Firstly, the user is allowed to
input the number of minority samples needed, and the number
of newly generated samples is determined according to the
user’s needs. Secondly, the distribution of minority samples
is analyzed, and the samples are selected to synthesize new
minority samples according to the distribution of minority
samples. Finally, in the process of synthesizing new samples,
different new sample generation methods are adopted accord-
ing to the characteristics of different minority samples. The
algorithm ensures that the new generated minority samples
retain all the features of the original sample as far as possible.
Using the above techniques, the minority sample sets that
meet user’s needs are finally generated, which can effectively
improve the classification accuracy of imbalanced big data.
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Definition and symbolization

Training set:D = {(x1, y1)⋯(xn, yn)} includes n samples. Each
sample has d attributes, xi ∈ℝd, yi ∈ L = {1, −1} is its corre-
sponding category label.

Test set: T = {(x1, y1)⋯(xm, ym)} includes m samples. Each
sample has d attributes, xi ∈ℝd, yi ∈ L = {1, −1} is its corre-
sponding category label.

The symbols used in the algorithm and their meanings are
as follows:

Nmin: The number of minority samples in training set;
Nmin’: The number of minority samples after oversampling;
K: The numerical value of the k near neighbor input by the

user;
r: 2 k/3 < =r < =k, threshold to determine if a sample is

noise, which is set by the user;
p: k/2 < =p < r, threshold to determine if a sample is unsta-

ble, which is set by the user;
q: k/3 < =q < p, threshold to determine if a sample is the

boundary sample, which is set by the user;
c: Replication ratio of minority samples;
s: The number of neighbor samples selected when the new

sample is synthesized;

Self-adaptive sample selection algorithm

When oversampling the minority samples in a medical diag-
nostic data set, the first step is to select samples to synthesize
new samples. We use a self-adaptive sample selection algo-
rithm to divide the minority samples into noise samples, un-
stable samples, boundary samples and stable samples accord-
ing to their locations (the distribution of majority samples
around them). Different samples are processed differently, so
as to select the most suitable samples to synthesize new sam-
ples to ensure that the newly synthesized samples have the
same characteristics as the original minority samples. The al-
gorithm thought is as follows:

For all the minority samples, the number of the majority
samples and the minority samples in the k near neighbors of
each sample is calculated. Different operations are selected for
samples according to different situations of each sample, in-
cluding deleting the sample, doing nothing, copying the sam-
ple, or synthesizing the new sample using the sample. The
specific selection methods are as follows (Fig. 1):

1. If the number of majority samples is greater than or equal
to n(n is the threshold to determine if the minority sample
is the noise, which can be set as needed, but the
condition:2 k/3 < =n < =k must be satisfied.), that is, most
majority samples are around this sample, then this minor-
ity sample is judged as the noise, and this sample is delet-
ed from the sample set.

2. If the number of majority samples is less than n, greater
than or equal to p(p is the threshold to determine if the
minority sample is unstable, which can be set as needed,
but the condition:k/2 < =p < n should be satisfied), that is,
the most majority samples are around this sample, then it
is judged that the minority sample is the unstable sample.
It is not duplicated or synthesized, but the sample is not
deleted from the sample set.

3. For data sets after eliminating the minority noises and
unstable samples that cannot be used to synthesize sam-
ples, the replication ratio c of the minority samples is
calculated. c = | (Number of minority samples after
oversampling-Number of unstable samples)/(Number of
minority samples in the training set-Number of noise
samples-Number of unstable samples)|. Assuming that
the original training set contains 200 minority samples,
after oversampling, 500 minority samples, 20 noise sam-
ples and 30 unstable samples are expected to be obtained,
then c = |(500–30)/(200–20-30)| = |3.13| = 3. That is, the
replication ratio after oversampling is 3.

4. Calculate the newly generated samples number h needed
by each minority sample, h = c-1. If the replication rate
after oversampling is c = 3, then h = 3–1 = 2. Therefore,
for each remaining minority sample, two new minority
samples need to be regenerated around it.

5. If the number of majority samples is less than p, greater
than or equal to q(q is the threshold to determine if the
minority sample is the boundary sample, which can be set
as needed, but the condition k/3 < =q < p should be satis-
fied), that is, the number of majority samples around this
sample is basically the same as that of the minority sam-
ples, then it can be determined that this minority sample
may be the boundary sample, and it is copied, and the
copy number is h.

6. If the number of majority samples is less than q, then the
operation of synthesizing new samples is conducted on
this minority sample, and the number of new samples
synthesized is h.

Distribution-sensitive sample synthesis algorithm

In the process of sample synthesis, medical diagnostic data
require high quality of new synthetic samples, and new
synthetic samples are required to have the same character-
istics as the original minority samples. Therefore, we pro-
pose a distributed-sensitive sample synthesis algorithm
when we do the new sample synthesis. Different sample
synthesis methods are proposed according to the different
distance from it to the surrounding minority samples. For
the sample with close distribution, a near neighbor sample
is selected to synthesize a new sample with it. The more
the majority samples around the sample are selected, the
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lower the probability of the sample being selected is. For
sparsely distributed samples, s samples are selected to
synthesize new the sample with it. The situation that the
sparse sample is combined with a neighboring sample that
deviates from the normal value to generate the new sam-
ple should be avoided, so that the newly synthesized sam-
ple is more consistent with the distribution characteristics
of the sample. The algorithm thought is as follows
(Fig. 2):

1. Calculate the average distance d from all the minority
samples to the surrounding k near neighbors (Select only
surrounding k minority near neighbors).

2. If the average distance di between the minority sample i
and the surrounding k near neighbor is less than or equal
to d, that is, this minority sample is very close to the
surrounding minority samples, then a sample is selected
from the surrounding minority samples to synthesize a
new sample with this minority sample. The selection
and synthesis methods are as follows:

[1] Traverse the k nearest neighbor samples of i. For
each minority near neighbor j, k nearest neighbors
are calculated. At this time, the minority samples and
majority samples around j are all considered, be-
cause you need to determine whether j is suitable
for synthesizing new minority samples.

[2] For k nearest neighbor samples of eachminority near
neighbor j, the ratio of minority samples to majority
samples is calculated. The larger the ratio, the more
the minority samples around j. Therefore, the prob-
ability of choosing j for synthesizing new samples
with i should be larger. For this reason, the ascending
sort is carried out for the corresponding ratio rj of
each minority near neighbor j. The larger the ratio,
the larger the ordinal number.

[3] Select a random number between 0 and 1, square it,
and then multiply it by k to get the probability of
selecting j.

[4] According to the number of new samples h required
to be synthesized at the beginning, new minority

Fig. 1 Self-adaptive sample selection algorithm
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samples will be synthesized iteratively. According to
the probability value calculated by 3, a sample j is
selected to synthesize the new sample xi’ with i. The
synthetic method is: xi’ = xi + (xi-xj)*a, in which a is
the random number between 0 and 1.

3. If the average distance from the minority sample i to the
surrounding k near neighbors: di > d, that is, this minority
sample is very loose with the surrounding minority sam-
ples, then s samples(s can be set as required, but it needs to
satisfy 1 < s < =k) are selected from the surrounding mi-
nority samples to synthesize the new sample with this
sample. That is to say, for the minority sample which is
far away from the surrounding samples, we should select
as many samples as possible to generate the new sample
together with it, so as not to choose only one sample to
synthesize the new sample, causing greater deviation,

which is inconsistent with the original data. The selection
and synthesis methods are as follows:

[1] Traverse the k nearest neighbor sample of i. For each
minority near neighbor j, its k nearest neighbor sam-
ples are calculated. At this time, the minority sam-
ples and majority samples around j are taken into
account, because it is necessary to determine wheth-
er j is suitable for the synthesis of new minority
samples.

[2] For k nearest neighbor samples of eachminority near
neighbor j, the ratio of minority samples to majority
samples is calculated. The larger the ratio, the more
the minority samples around j. Therefore, the prob-
ability of choosing j for synthesizing new samples
with i will be larger. For this reason, the ascending

Fig. 2 Distribution-sensitive
sample synthesis algorithm
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order is carried out for the corresponding ratio rj of
each minority near neighbor j, and the ordinal num-
ber is x. The larger the value, the larger the ordinal
number.

[3] Select a random number between 0 and 1, square it,
andmultiply it by x to get the probability of choosing j.

[4] According to the number of new samples h required
to be synthesized at the beginning, new minority
samples will be synthesized iteratively. According
to the probability value calculated by 3, s samples
j1–js are selected to synthesize the new sample xi’
with i, and the synthetic method is:

xi
0 ¼ xi þ 1

s
∑
s

n¼1
xi−xjn
� �

*an

an is a random number between 0 and 1.

Experiment analysis

Experiment data

Our Experiment data was based on real medical data sets,
from more than 100,000 real medical data collected by
Xiangya Hospital. In order to compare with other algorithms
for testing, the data set format we extracted was the same as

the four data sets on disease detection in the UCI public data
set [12]: breast-cancer, lung-cancer, heart disease, and
Dermatology. The basic information of the data set is shown
in the table below (Table 1). From the distribution of data sets,
it can be seen that medical data sets are seriously imbalanced
data sets, and majority class samples are much larger than
minority class sample. Through the test, it was found that
the imbalanced ratio was too large, the replication ratio of
minority samples was too high, which would lead to the re-
duce of the performance of the learning algorithm, because
too many replication ofminority samples would lead to a large
number of invalid samples. Since this paper focuses on the
over-sampling technique of minority samples and doesn’t in-
volve the under-sampling of the majority samples, we ran-
domly select the majority samples with the imbalance ratio
of about 1:10. For example, there are 329 minority samples
of breast-cancer, and we keep 3290 majority samples for fol-
low-up.

During the experiment, the medical data set was divided
into four parts, 4/5 was used as training set to train the classi-
fication algorithm, and 1/5 was used to test the performance of
the classification algorithm.

Results and analysis

The parameter settings in oversampling algorithms of minor-
ity class have an important impact on the performance of the
algorithm. We tested the performance of the algorithm under
different parameter settings in the algorithm. These parame-
ters included the nearest neighbor number k, and the replica-
tion ratio c of minority examples. The number of samples
selected when synthesizing a new sample was s, and the ref-
erence value of parameter setting for actual algorithm was
given by testing. Then we compared the algorithm proposed
in this paper with other data oversampling algorithms to verify
the effect of the proposed algorithm.

Table 1 Basic information of dataset

ID Data set name Total number of
samples

Attribute
number

Number of
minority
samples

bre breast-cancer 35,305 9 329

lun lung-cancer 21,783 57 197

hea heart disease 50,391 24 289

der Dermatology 15,610 32 213

0
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1
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Fig. 3 Influence of nearest neighbor number k on algorithm accuracy
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The influence of the number of neighbors k

One of the main parameters in the oversampling algorithm is
the number of near neighbors k, that is how many nearest
neighbors are selected each time for subsequent calculations.
The optimal values of k values for different data sets are also
different. In the SMOTE algorithm, the default is k = 5. The
impact of changes in themedical dataset k on the classification
effect was tested. In the case where the other settings are
unchanged, the classification accuracy change on each data
set when k is gradually increased from 1 to 10 is as shown
in Fig. 3. It can be seen from Fig. 3 that when k takes about 6
and 7, the accuracy of the algorithm reaches a good value.
After that, the change of k value does not have much influ-
ence, and the overall stability is stable. The k values that
achieve the best results for different data sets are different. In
addition, the value of the sample number s selected when
synthesizing a new sample is also related to the k value. As
the k value increases, the performance of the algorithm de-
creases, and the best k value can be determined by testing in a
specific application. In the subsequent experiments, in order to
facilitate comparison with other algorithms, we uniformly set
k = 6.

The effect of the replication ratio c of minority samples

The replication ratio of minority samples determines how
many new samples need to be generated for each minority
sample. If the replication ratio of minority class samples is
too high, the performance of the learning algorithm will be
degraded. Therefore, in the resampling algorithm, the over
sampling of minority classes and the undersampling of major-
ity classes are adopted. On the one hand, some minority sam-
ples are synthesized, and on the other hand, majority samples
are selectively deleted, so that the final generated sample set
can improve the performance of the classification learning
algorithm. Therefore, it is necessary to test the effect of repli-
cation of minority samples on classification performance.
Using medical dataset, we tested the changes in classification
accuracy on each dataset when the replication ratio was from 1
to 10. The results are shown in Fig. 4. As can be seen from
Fig. 4, in the set of medical diagnostic samples, the accuracy
of the algorithm is better when c is 4 or 5, and then the increase
of c has little effect on the accuracy of the algorithm. But when
c is greater than 7, the accuracy of the algorithm begins to
decline. The reason may be that too many duplicate minority
samples will lead to a large number of invalid samples, and the

0
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0.3
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0.5
0.6
0.7
0.8
0.9

1

1 2 3 4 5 6 7 8 9 1 0
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COPY RATIO OF MINORITY SAMPLES

bre lun hea Der

Fig. 4 Effect of replication ratio c of minority samples on accuracy of algorithm
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Fig. 5 The effect of the number of minority samples s selected in the synthesis of new samples on the accuracy of the algorithm
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performance of classification learning algorithm will be re-
duced. The c values for achieving the best results of different
data sets are different. The best c value can be determined by
testing in specific application. In subsequent experiments, we
uniformly set c = 4.

Influence of the number of minority samples s selected
in the synthesis of new samples

In the synthesis of the new sample, if a sample is far away
from the surrounding minority samples, s surrounding sam-
ples are selected to generate the new sample with it, so as to
avoid selecting only one sample to synthesize a new sample,
causing a large deviation, which is in consistent with the orig-
inal data. Based on the medical diagnostic data set, we tested
the classification accuracy of s from 1 to 6 data sets. Because
when the number of synthetic samples exceeds 6, the perfor-
mance of the algorithm is not only reduced, but the accuracy is
also reduced. Therefore, our tests only performed tests of 1–6.
The results are shown in Fig. 5. As can be seen from Fig. 5, the
optimal values of s are different on different data sets. On the
breast-cancer data set, the performance of the algorithm is best
when s takes 5, and on the heart disease and Dermatology data
sets, the accuracy is the best when s is 3–4 For the breast-
cancer data set, the classification accuracy is the best when s

takes 2. From the test results, for the data set, the fewer the
attributes, the larger the number of s needed to synthesize new
samples. This may be because data sets with fewer attributes
are more prone to bias when synthesizing new samples.

Comparison with other existing algorithms

In order to test the validity of the proposed method,
Distribution-sensitive unbalanced data oversampling
(Disudo) is compared with Baseline, SMOTE and ISMOTE.
Fig. 6 lists five index values for four different algorithms on
four datasets, corresponding to Acc: Accuracy, PMin:
Precision of minority, RMin: Recall of minority, PMaj:
Precision of majority, and RMaj: Recall of majority.

It can be seen from the test results that the Disidu method
performs better on all data sets, especially in the accuracy and
recall rate of minority classes. The Disidu method has obvious
advantages. In medical diagnostic applications, more empha-
sis is placed on the recall rate of minority types, that is, as
many minority samples as possible (ie, sick cases) should be
found, even if there are cases that are not ill, they can be
excluded through subsequent examinations. But you can’t
miss the sick case. For majority classes, the accuracy of each
algorithm is relatively close. Only oversampling of minority
class is performed in this test, the undersampling of majority

(c) heart disease data set

(d) Dermatology data set
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(a) breast-cancer data set

(b) lung-cancer data set
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Fig. 6 Comparison test of different algorithms

39 Page 8 of 10 J Med Syst (2019) 43: 39



classes is not performed, so the classification performance of
majority classes is not greatly affected.

Conclusions

In this paper, for the poor performance of the learning algo-
rithm caused by the serious shortage of minority samples in
learning algorithm for medical diagnosis, the distribution-
sensitive imbalanced data oversampling algorithm is pro-
posed. The algorithm allows the user to input the required
number of minority samples, and determines the number of
newly generated samples, according to the user, so that the
method can adapt to different classification learning algo-
rithms. The algorithm has the following characteristics:

1. When oversampling minority samples in medical diag-
nostic data set, the self-adaptive sample selection algo-
rithm is used to classify the minority samples according
to the location of the minority samples (the distribution of
the majority class samples around them). The minority
samples are divided into noise samples, unstable samples,
boundary samples and stable samples. In order to ensure
that the newly synthesized samples have the same charac-
teristics as the original few samples, different processing
methods are used for different samples to select the most
suitable samples to synthesize new samples.

2. In the process of sample synthesis, the distributed-sensitive
sample synthesis algorithm is adopted, and different sample
synthesis methods are selected according to the distance
between the sample and surrounding minority samples.
For the samples with tight distribution, a near neighbor
sample is selected to synthesize a new sample with it, and
the more the surrounding majority samples of the samples,
the lower the probability of being selected. For the samples
with sparse distribution, s samples are selected to synthe-
size new samples with it, so as to avoid synthesizing a new
sample by the sample with a sparse distribution and a
neighbor sample deviating from the normal value, which
will make the newly synthesized samples more consistent
with the sample distribution characteristics.

The test of real medical diagnosis data shows that com-
pared with the existing sampling algorithm, the accuracy of
classification learning algorithm is improved, especially the
precision and recall rate of minority classes.

Our future works is as follow:

1. It is very important of parameters selection for the algo-
rithm proposed in this paper. We have discussed the im-
pact of replication ratio of minority samples with real
world experimental data. However, the process of param-
eters selection should be adaptive and can be

automatically adjusted according to the distribution of
input sample set, which makes the algorithm proposed
in this paper more flexible for different sample sets.

2. The algorithm in the paper mainly aims at the preprocess-
ing of imbalanced data for two class. In reality, many big
data are multi-class. One method is to decompose the
multi-class problem into two class problem, and the other
is to study the unbalanced data re-sampling algorithm for
multi-class problem. The multi-class big data resampling
algorithm still requires further study.
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