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Abstract. In the traditional correction method of abnormal data in online educa-
tion system, the unreasonable selection of training samples byRBFneural network
leads to a large error in the correction of abnormal data. Therefore, GA algorithm
is used to improve RBF neural network, and a new intelligent correction method
of abnormal data in online education system based on big data technology is pro-
posed. The classification model of abnormal data in online education system is
constructed by decision tree classification algorithm. The pretreatment of abnor-
mal data is completed based on big data technology. The specific pre-processing
steps include: data cleaning, data integration, data transformation, data reduction,
dimension reduction, numerical reduction, data discretization and concept layer-
ing. GA-RBF neural network is used to correct abnormal data of online education
system. By comparing the performance of this method with the traditional intel-
ligent correction method of abnormal data in online education system, it can be
seen that the prediction and filling accuracy of this method is higher than that of
the traditional method, and the performance is improved.

Keywords: Big data technology · Online education system · Abnormal data ·
Smart correction

1 Introduction

For many years, there has never been a unified understanding of the definition of abnor-
mal data. Researchers in different fields have given different definitions of abnormal
data from different perspectives. Dixon regards abnormal data as “data that is suspected
in data analysis”. Grubbs considers abnormal data to be those data points that devi-
ate significantly from other sampled data. Elashoff stated that abnormal data are some
extreme data points to some extent [1]. It was not until the mid-1980s that the definition
of abnormal data became more complicated.Guttman regards abnormal data as pseudo
data that does not obey the law of data distribution; Rohlf believes that points not in the
data cloud can be considered as potential abnormal data; Hawkins defines abnormal data
as: far away from most of the data and the true distribution density may be low Some
of the data; Campbell defines multivariate abnormal data as: data points in the form of
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relationships that are significantly different from important data [2]. In the 1990s, some
authors began to describe abnormal data from a statistical perspective. Anscombe and
Tukey believe that abnormal data should have larger residuals; Portnoy pointed out that
the residuals of abnormal data are greater than the residuals of most other data, and these
residuals are obtained by linear regression methods. And he further pointed out: If the
residual error of a data is greater than five times the standard deviation, then the data is
considered abnormal data; in 1983, Beckman and Cook pointed out that the definition
of abnormal data is still very vague.Barnett further pointed out that “the important thing
is not whether any observation data is outside F, but whether the largest observation data
under F is abnormally huge”. Comrey believes that abnormal data is caused by incorrect
measurement and data contamination [3]. There are also many abnormal data in online
education systems. These abnormal data mainly refer to data that affect the operation of
the online education system. For these abnormal data, it must be intelligently corrected
to ensure the normal operation of the online education system.

At present, there are also some relevant research results, such as: Literature [4] is
based on sliding basicWindows sampling (SBWB) andGaussian process regressionThis
paper presents a regression (GPR) model based on SBWS_GPR prediction model for
anomaly detection of uncertain multi-data in online education systems. In the historical
data set collected based on time series, index number is introduced to cluster the historical
data set of online education system, the mapping relationship between data set and index
number is analyzed, and the input data obtained in real time is distributed through the
sliding window to match, so as to realize the abnormal point detection and correction
of single data of online education system. Literature [5] used fuzzy C-means clustering
to obtain the clustering center curve of online education system data, and corrected
the abnormal data according to the identified abnormal data types of online education
system by combining the clustering center curve and the correction algorithm. However,
the above methods have the problem of low accuracy of abnormal data prediction and
filling.

Therefore, big data technology is applied to the intelligent correction of abnormal
data in the online education system, and an online education system abnormal data based
onbig data technology is proposed. Smart correctionmethod.Decision-tree classification
algorithm is introduced to construct the classification model of abnormal data in online
education system. The pretreatment of abnormal data is completed based on big data
technology.GA-RBFneural network is used to correct abnormal data of online education
system. The experimental results show that the accuracy of thismethod is higher than that
of the traditional method, and its application performance is better than the traditional
method.

2 Design an Intelligent Correction Method for Abnormal Data
in an Online Education System Based on Big Data Technology

2.1 Abnormal Data Detection

First, the abnormal data detection of the online education system is carried out, and the
classification model of the abnormal data of the online education system is constructed



Research on Intelligent Correction of Abnormal Data 467

through the decision tree classification algorithm, and the abnormal data of the online
education system is detected through this model [4]. The steps to build an abnormal data
classification model for the online education system are as follows:

The core part of the decision tree classification model construction is the split feature
selection. The online education system abnormal data sample set is divided into different
branches according to the abnormal data feature value of the online education system, so
that each branch corresponds to the child node as “pure” as possible, that is, try to make
The sample types in each subset are the same. The construction result of the decision tree
is a tree model (binary or multi-branch). When the partition rule is Boolean logic or the
classification target is binary classification, a binary tree model is generally generated
[6]. The general flow of decision tree construction is shown in Fig. 1.

In the actual application scenarios of abnormal data detection in online education
systems, the constructed decision tree classification model is often too “lush”. Each
segmentation point is fully used, and the leaf nodes are almost completely “pure”. The
model is too in line with the characteristics of the training sample, so the effect of
classifying the training sample is excellent, but the effect of classifying the test data may
be much worse, which is “overfitting”. The versatility of the over-fitting model is not
strong, so it needs to be pruned to make it more simplified. Combining pre-pruning and
post-pruning methods to pruning the constructed decision tree classification model.

The pre-pruning method is as follows: Pre-pruning is the pruning performed during
the construction of the decision tree. In order to avoid over-fitting when the number
of nodes is too large, a condition to stop continuing to create branches can be set in
advance. When samples of each category in a sample set of a node meet this condition,
the splitting of the node will be stopped without waiting for all the splitting attributes
All are used up, even if the node can be split more purely. Finally, use the category
with the largest number of samples to mark the node category and use it as a leaf node.
The pre-pruning algorithm is simple to use and suitable for use in scenarios where the
decision tree model is relatively small.

The post-pruningmethod is as follows: Post-pruning is pruning after the construction
of the decision tree is completed. The specific method is to merge all the node samples
rooted at a certain node. If the increase in the amount of information of the sample set
after the merging is less than a certain threshold, the subtree is replaced with a leaf node,
and the category of the leaf node is subject to a “majority vote” Decision [7, 8]. Typical
post-pruning algorithms include error rate reduction pruning and pessimistic pruning.
The post-pruning operation is relatively complicated, which is suitable for use in scenes
with large-scale models and high precision requirements.

2.2 Preprocessing of Abnormal Data

Then, based on big data technology, preprocess the abnormal data of the online edu-
cation system. Specific preprocessing steps include: data cleaning, data integration,
data transformation, data reduction, dimensionality reduction, numerical reduction, data
discretization, and concept layering.

The purpose of the data cleaning routine is to fill in missing values, smooth noise
and identify outliers, and correct inconsistencies in the data [8]. First fill in missing
values with the mean of the attributes. Then smooth the noise data, the specific steps
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Fig. 1. The general flow of decision tree construction

are as follows: the outliers can be detected by clustering, and similar values can be
organized into groups or “clusters”. Intuitively, values that fall outside the cluster set
are considered outliers. Then perform data cleaning, the first step is deviation detection.
When discovering noise, outliers, and unusual values that need to be investigated, you
can use existing knowledge about the nature of the data. This kind of knowledge or “data
about data” is called metadata. Examine the domain and data type of each attribute, the
acceptable value of each attribute, and a length range of the value; examine whether all
values fall within the expected range andwhether there are known dependencies between
attributes; grasp the data Trends and recognition anomalies, such as values that are more
than two standard deviations away from the mean of a given attribute may be marked
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as potential outliers. Another type of error is the inconsistency of the source code and
the inconsistency of the data representation. Field overload is another source of error.
Observing the data must follow the uniqueness rule, continuity rule and null value rule.
Other external materials can be used to manually correct some data inconsistencies [9,
10]. For example, errors in data input can be corrected using paper records. But most
errors require data transformation.

Step 2: Correct the deviation. That is, once deviations are found, it is usually nec-
essary to define and use (a series of) transformations to correct them. Choose to write a
customized program for this step of the data cleaning process. The two-step process of
deviation detection and correction is performed iteratively. As the knowledge of the data
increases, it is important to continuously update the metadata to reflect this knowledge.
This helps speed up the data cleaning of future versions of the same data store.

In data integration, there are many problems to be solved. The first is the problem of
pattern integration and object matching. The matching of real-world equivalent entities
from multiple information sources involves entity recognition. Determine whether the
customer id in one database is the same attribute as the cust number in another database.
The metadata of each attribute can be used to help avoid schema integration errors.
Metadata can also be used to help transform data.

Redundancy is another important issue. An attribute may be redundant if it can be
“derived” by another or another set of attributes. Inconsistent attribute or dimension
naming can also lead to redundancy in the result data set. Some redundancy can be
detected by correlation analysis. Given two attributes, this analysis can measure the
extent to which one attribute implies the other based on the available data. For numer-
ical attributes, the correlation between attributes A and B is calculated to estimate the
correlation between these two attributes.

In addition to detecting redundancies between attributes, duplicates should also be
detected at the tuple level. The use of denormalized tables may also lead to data redun-
dancy. Inconsistencies usually occur between different copies, due to incorrect data
input, or due to part of the updated data, but not all occurrences.

The third important issue of data integration is the detection and processing of data
value conflicts. For example, for the same entity, attribute values from different data
sources may be different. This may be due to different representations, scales or encod-
ings. When matching the attributes of one database with another during data integration,
the structure of the data should be considered to ensure that the attribute functional
dependencies and reference constraints in the original system match those in the target
system. The heterogeneity and structure of data semantics pose a huge challenge to data
integration. Careful integration of data from multiple data sources can help reduce and
avoid redundancy and inconsistencies in the resulting data set.

The purpose of data transformation is to transform data into a unified form. Data
transformation mainly involves the following contents:

(1) Smooth: Remove the noise in the data. This technique includes binning, regression,
and clustering.

(2) Aggregation: aggregate or aggregate data.
(3) Data generalization: Use concept layering to replace low-level or “original” data

with high-level concepts.
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(4) Standardization: Scale the attribute data proportionally to make it fall into a small
specific interval.

(5) Attribute construction (or feature construction): New attributes can be constructed
and added to the attribute set. Attribute construction is the construction of given
attributes and adding new attributes to help improve the understanding of high-
dimensional data structures.

The data specification first requires data cube aggregation: the data cube storesmulti-
dimensional aggregation information. Each unit stores an aggregate value, which corre-
sponds to a data point in a multi-dimensional space. Each attribute may have a concep-
tual hierarchy, allowing data analysis at multiple abstract layers. The data cube provides
quick access to pre-calculated summary data, so it is suitable for intelligent correction
of abnormal data in online education systems.

The cubes created at the lowest level of abstraction are called primitive cubes. The
basic cube should correspond to the individual entity of interest. That is, the lowest level
should be available or useful for analysis. The cube at the highest level of abstraction
is called a vertex cube [11]. The data cubes created for different abstraction layers are
called cubes, so the data cubes can be regarded as the grid of cubes. Each higher level of
abstraction will further reduce the size of the resulting data.When performing intelligent
correction of abnormal data in the online education system, the smallest available cube
associated with a given task should be used.

Then proceed to attribute subset selection. The heuristic methods for attribute subset
selection include the following:

(1) Step by step forward selection: The process starts with an empty attribute set as the
reduction set, determines the best attribute in the original attribute set, and adds it
to the reduction set. In each subsequent iteration, the best attribute in the remaining
original attribute set is added to the set.

(2) Delete backward step by step: The process starts with the entire attribute set. At
each step, delete the worst attribute still in the attribute set.

(3) Combination of forward selection and backward deletion: It is possible to combine
the stepwise forward selection and backward deletion methods, each step selects a
best attribute, and deletes a worst attribute from the remaining attributes [12].

(4) Decision tree induction: The decision tree algorithm was originally used for clas-
sification. Decision tree induction constructs a structure similar to a flowchart, in
which each internal (non-leaf) node represents a test of an attribute, and each branch
corresponds to an output of the test; each external (leaf) node represents a class pre-
diction. At each node, the algorithm selects the “best” attribute and divides the data
into categories. When decision tree induction is used for attribute subset selection,
the decision tree is constructed from the given data. All attributes that do not appear
in the tree are assumed to be irrelevant. The attributes appearing in the tree form
a reduced attribute subset. The end criteria of the method can be different. The
process can use a degree threshold to decide when to stop the attribute selection
process.
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Dimensional reduction uses data encoding or transformation to obtain a reduced
or “compressed” representation of the original data. The method used is principal
component analysis.

Principal component analysis is to search for k n-dimensional orthogonal vectors
that best represent the data, where k ≤ n. In this way, the original data is projected into
a much smaller space, leading to dimensionality reduction. PCA works by creating a
replacement, smaller set of basic elements of “combined” attributes. The original data can
be projected into this smaller set. PCA often reveals previously undetected connections
and therefore allows interpretation of unusual results. The basic process is as follows:

(5) Normalize the input data so that each attribute falls into the same interval. This step
helps to ensure that attributes with larger domains do not dominate attributes with
smaller domains [13].

(6) PCA calculates k orthonormal vectors as the basis of normalized input data. These
are unit vectors, and each direction is perpendicular to the other. These vectors are
called principal components. The input data is a linear combination of principal
components.

(7) Arrange the principal components in descending order of “importance” or inten-
sity. The principal components basically act as the new axis of the data, providing
important information about the variance. In other words, sort the coordinate axes
so that the first coordinate axis displays the largest variance of the data, the second
displays the second largest variance, and so on.

(8) The principal components are arranged in descending order of “importance”, and
the size of the data can be reduced by removing the weaker components (that is,
the variance is smaller). Using the strongest principal component should be able to
reconstruct a good approximation of the original data [14].

PCA has low computational overhead, can be used for ordered and disordered
attributes, and can handle sparse and skewed data. Multidimensional data with more
than 2 dimensions can be handled by reducing the problem to a 2-dimensional problem.
Principal components can be used as input for multiple regression and cluster analysis.

Numerical reduction technology refers to the selection of alternative, “smaller” data
representations to reduce the amount of data. The method used is clustering: clustering
technology treats data tuples as objects [15, 16]. It divides objects into groups or clusters,
so that objects in one cluster are “similar” to each other, but “different” from objects
in other clusters. Generally, similarity is based on a distance function, defined by the
“closeness” of objects in space. The “mass” of a cluster can be expressed by its diameter,
which is themaximum distance between any two objects in the cluster. Centroid distance
is another measure of cluster quality, defined as the average distance from the cluster
centroid (representing the “average object”, or average point in the cluster space) to each
cluster object [17].
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In data reduction, the actual data is replaced with the cluster representation of the
data. The effectiveness of this technique depends on the nature of the data. If the data
can be organized into different clusters, this technique is much more effective. In the
database system, the multidimensional index tree is mainly used for quick access to data.
It can also be used to reduce hierarchical data and provide multi-dimensional clustering
of data. This can be used to provide approximate answers to queries. For a given set of
data objects, the index tree recursively divides the multidimensional space, and its root
node represents the entire space. Usually, this kind of tree is balanced and consists of
internal nodes and leaf nodes. Each parent node contains keywords and pointers to child
nodes, and the child nodes together represent the space represented by the parent node
[18]. Each leaf node contains a pointer (or actual tuple) to the data tuple it represents.

In thisway, the index tree can store aggregate and detailed data at different resolutions
or abstract layers. It provides hierarchical clustering of data sets, in which each cluster
has a label to store the data contained in the cluster. If we regard each child of the parent
node as a bucket, the index tree can be seen as a hierarchical histogram [19]. Similarly,
each bucket is further divided into smaller buckets, allowing data to be aggregated at
a finer level. The use of a multidimensional index tree as a form of data reduction
depends on the order of attribute values on each dimension. Two-dimensional or multi-
dimensional index trees include R-trees, quad-trees and variants of Chuangmen. They
are very suitable for processing sparse data and skewed data [20, 21].

Data discretization and concept stratification: Among them, themethod used for data
discretization is as follows: Based on the discretization: The discretization is one of the
most commonly usedmeasures of discretization. Di-based discretization is a supervised,
top-down splitting technique. It uses the class distribution information when calculating
and determining the split point (the data value that divides the attribute interval) [22]. For
discrete numerical attribute A, select the value of A with the smallest direct value as the
split point, and divide the result interval recursively to obtain hierarchical discretization.
This discretization forms a conceptual hierarchy of A.

The method used for concept hierarchy is as follows: The partial order of attributes
is explicitly stated by the user or expert at the schema level: Generally, the conceptual
hierarchy of classification attributes or dimensions involves a set of attributes. Users or
experts can easily define the concept hierarchy by explaining the partial order or total
order of attributes at the pattern level [23].

2.3 Intelligent Correction of Abnormal Data

The abnormal data detected in the online education system is corrected by GA-RBF
neural network, and the specific process of correcting abnormal data is shown in Fig. 2.
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Fig. 2. Intelligent correction process of abnormal data

3 Experimental Verification

3.1 Experimental Design

The performance of the designed method of intelligent correction of abnormal data in
the online education system based on big data technology is experimentally verified.
Intelligent correction method of abnormal data of online education system based on big
data technology is used to intelligently correct abnormal data of an online education
system. The course data structure of the system is shown in Table 1.

Obtain the abnormal data prediction filling accuracy data of the online education
system abnormal data intelligent correction method based on big data technology as the
experimental data. In order to enhance the comparison of the experimental results, the
original two online education system abnormal data intelligent correction methods were
used as the comparison methods in the experiment to conduct comparative experiments.
Including the intelligent correction method of online education system abnormal data
based on AR model and the intelligent correction method of online education system
abnormal data based on neural network algorithm. These two methods are also used
to conduct intelligent correction experiments of abnormal data of experimental online
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Table 1. Course data structure of the system

Type of data Field Type of data Field
interpretation

Is it empty Data length

Course
information data

Name Varchar Course title No 20

Summary Varchar Course
summary

Yes 500

Category Int Content
classification

No 11

Num Int Total number of
videos

No 11

Id Number Course id No 10

Id of teacher Number Teacher id No 10

Id of resouce Number Course
resource id

No 10

Time Number Duration No 10

Teaching video
data

Index Int Video sequence
number

No 11

Path Varchar Video path No 100

Video associated
data

Time Varchar Point in time No 20

Title Varchar Associate video
title

No 100

Summary Varchar Introduction to
related courses

Yes 200

Relatedid Int Associated
video id

No 11

education system courses, and the abnormal data prediction filling accuracy data of these
two methods are obtained as comparative experimental data.

3.2 Analysis of Experimental Results

There is an intelligent correction method of abnormal data in online education system
based on big data technology, amethod in literature [4] and amethod in literature [5]. The
comparison between the prediction accuracy of abnormal data and the filling accuracy
of experimental data is shown in Table 2.

According to the comparison between the accuracy of the prediction and filling of
abnormal data in Table 2 and the experimental data, it can be seen that the prediction and
filling accuracy of the intelligent correction method of online education system based
on big data technology is higher than that of the traditional method.
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Table 2. Comparison of experimental data for prediction and filling accuracy of abnormal data

The number of
abnormal data test
samples (a)

Abnormal data prediction filling accuracy rate (%)

Method based on
big data technology

Methods in literature
[4]

Methods in literature
[5]

500 99.35 94.20 95.80

600 99.32 94.18 95.74

700 98.65 94.15 95.64

800 98.28 94.13 95.58

900 98.17 94.08 95.47

1000 98.04 93.95 95.37

1100 97.98 93.85 95.24

1200 97.92 93.74 95.05

1300 97.81 93.28 95.01

1400 97.80 93.10 95.00

4 Concluding Remarks

The intelligent correction method of abnormal data in online education system based
on big data technology realizes the improvement of abnormal data prediction and filling
accuracy. This method is of great significance to the operation and promotion of online
education system. In practical application, the application of this method can optimize
the operating quality of the online education system, and the correction of abnormal data
can improve the efficiency of the online education system.
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