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Abstract 

In recent years, people have paid more and more attention to the research of machine 
learning, and one of the research priorities in the field of machine learning is integrated 
learning. The basic principle of integrated learning is to use many independent 
classifiers and adopt a method to fuse them into a strong learner to overcome the 
shortcomings of single learner classification.Based on the comparison of two single 
algorithms, KNN algorithm and AdaBoost algorithm, this paper integrates the two 
algorithms together, that is, the KNN(K-NearestNeighbor) algorithm is used as the base 
learner of the integrated algorithm. The dataset used is the dataset of the shopping 
behavior of network users. During the experiment, the unbalanced data was first 
processed using MOVE sampling, and then the three models were evaluated and 
compared. Through comparison, it is found that the improved AdaBoost algorithm has 
better prediction performance. 
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1. Introduction 

In today's rapid development of science and technology, people are living in a fast-paced, so fast 
access to important information is very necessary. And the function of data mining is in a mess 
of data to extract the effective information. Among the classification algorithms in data mining, 
AdaBoost algorithm and KNN (K-Nearest Neighbor) algorithm are common classification 
algorithms. The AdaBoost algorithm is an iterative calculation. The main principle of AdaBoost 
algorithm is to train different base learners in a fixed sample set.Then, by integrating these 
weak classifiers, a strong classifier is generated. In order to better data analysis, increase the 
accuracy of data mining. The KNN algorithm is a kind of analogy learn the algorithm. The core 
idea of KNN algorithm is to select k nearest data by calculating the distance between the new 
sample data and the known data set. By calculating the categories of these K data, the category 
with the largest number is the category of the new sample data. KNN is easy to implement. In 
2001, AdaBoost algorithm was applied to face location. After that, this algorithm has been 
successfully applied to face detection of different orientation. KNN algorithm was proposed in 
1968 and has been widely applied in various fields, such as character recognition, text 
classification, data classification and so on[1]. 

The algorithm described in this paper is based on the combination of the above two algorithms. 
In the training process of AdaBoost algorithm, KNN algorithm is used to replace the traditional 
weak classifier, and then the weak classifier is combined to form a strong classifier. The data 
used in this article is a dataset of Taobao user shopping behavior, which is experimentally 
compared with various aspects of the improved algorithm and the traditional AdaBoost 
algorithm. 
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2. AdaBoost algorithm and KNN algorithm 

2.1. AdaBoost algorithm 

Boosting algorithm in the field of classification learning has attracted much attention recently. 
And AdaBoost algorithm is one of the more typical algorithms in Boosting. According to the 
basic classification idea of Adaboost algorithm, a weight value is given to the data in each 
training sample set, and the value of the weight value is equal, and then a number of base 
classifiers are trained. In the training process, if the prediction result is incorrect, then the 
weights of the sample data are raised. This improves the attention of the sample data when 
training the next base classifier, as shown in Figure 1.Assuming that there are n base classifiers, 
which are all formed by the same algorithm, each base classifier needs to be able to classify new 
sample data, and then give a weight to the base classifier according to the classification accuracy 
of the base classifier. The weight of the base learner with a small classification error rate is 
larger. Finally, the weights of each base classifier are used to obtain the classification results of 
new sample data by weighted statistical classification results[2].The flow chart of Adaboost 
algorithm is shown in Figure 2. 

 
Figure 1:  AdaBoost algorithm-weighted example 

 
Figure 2:  AdaBoost algorithm flowchart 

This algorithm is a linear combination of each base classifier, and the result is obtained by 
weighted voting of each base classifier[3]. 

2.2. KNN algorithm 

KNN algorithm is a kind of machine learning classification algorithm. Compared with other 
classification algorithms, KNN algorithm programming is easier to realize and easy to 
understand. The classification idea of KNN algorithm first uses the distance formula to calculate 
the distance between all training sample data sets and the new sample data, find the K samples 
closest to each other, and make statistics of the categories to which the K samples belong. The 
category with the largest number is the category of the new sample data[4].The flow chart of 
KNN algorithm is shown in Figure 3: 
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Figure 3:KNN algorithm flowchart 

3.  Improved ensemble learning algorithm based on KNN 

For the AdaBoost algorithm mentioned above, each round of base classifier training needs the 
results of the last training. The input training data set will have a high accuracy, but from the 
perspective of the model, the independence of each base classifier is not high, when there are 
too many base learners in the model, it is easy to overfit. In order to improve accuracy, 
AdaBoost algorithm is improved. In this experiment, KNN algorithm is used as the base 
classifier trained by AdaBoost algorithm model. The classification method of KNN is to retain 
the k sample data closest to the training data set and the new sample data, and accumulate the 
number of categories. The category with the largest number is the category of the new sample 
data. Because KNN algorithm is too single, classification results are easily affected, so it can be 
combined with AdaBoost algorithm to improve classification accuracy. 

3.1. AdaBoost integration algorithm based on KNN  

The improvement of AdaBoost integration algorithm is to use KNN algorithm as the base 
classifier of AdaBoost algorithm. First of all, a specified number of samples are extracted from 
the original data samples as training data sets through a random extraction method with return. 
In every training KNN, extraction of part of the training sample set features to form a new data 
set for training and classification, then M times the process, in the process of training M base 
classifiers, each a, according to the results of the classification of the base classifier to modify 
the data of the training sample set weights, the classification errors of data to improve 
weight[5].This is done so that the base classifier pays more attention to the last misclassified 
data during the next training and classification. The weight of the base classifier is determined 
by the accuracy of each round of classification. The weight of the base classifier with high 
accuracy is larger, and the weight of the base classifier with low accuracy is smaller. Then, each 
base classifier is combined into a strong classifier according to the weight. The classification 
principle of strong classifier is to use the classification results of each base classifier, and after 
weighting, the categories with the most classification are the categories of new sample data. 

After the improvement of AdaBoost algorithm, because the data used in each round of training 
and classification are randomly selected from the training data set after partial features, the 
independence of each base classifier can be guaranteed and the classification result is improved. 
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The specific process of the improved AdaBoost algorithm is as follows: 

Suppose there are M samples in the training sample set, that is I = 1,2...M,ωI =1/M, G1= (ω1, ω2,..., 
ωM) = (1/M..., 1 / M).P features of the training data set are randomly extracted (ensure that the 
number of features extracted is smaller than the number of features of the training data set), 
and each feature is extracted with the same probability. 

To train base classifiers, suppose n base classifiers need to be trained, n = 1,2..., n.A base 
classifier Hn(x) can be obtained by using KNN algorithm to train the training sample set with Gn 
weight. 

Calculate the classification error rate of the base classifier: 

en = sum(Hn(xi) ≠ yi)/M 

Calculate the corresponding weight of the base classifier: 

αn =
1

2
ln(

1 − en
en

) 

The weight distribution Gn+1 of training sample set is changed according to the classification 
result of base classifier,and i=1,2,...,M: 

Gn+1=（ωn+1,1，ωn+1,2，...，ωn+1,M） 

ωn+1,i =
ωn,i

Zn
exp[−yiαnHn(xi)] 

Normalized factor Zn was used to facilitate subsequent calculation: 

Zn =∑ ωn,iexp[−yiαnHn(xi)]
M

i=1
 

Repeat the above steps to train N base classifiers and end the training. 

Combining the N base classifiers trained by weights, a strong classifier can be formed: 

L(x) = ∑ αn
i=1 nHn 

3.2. The reason for the algorithm improvement  

(1) KNN algorithm is a single classification algorithm, so the algorithm is not stable enough. 
When a set of data in the training data set is changed or a parameter is adjusted, the 
classification results will be very different. 

(2) Bagging algorithm mainly trains multiple classifiers by putting back samples in the training 
data set. In each iteration, the probability of each sample being selected is the same, that is, 
1/M.And each base classifier has the same weight, that is, 1/N.It can be seen that there is no 
distinction between each correct or wrong sample data and the base classifier of classification 
accuracy. Therefore, the base classifier with high classification accuracy cannot be highlighted, 
which affects the classification accuracy of the final model. In addition, in each iteration, data 
are extracted from the training data set with a return, so each base classifier is associated with 
each other[6]. 

(3) The improvement of AdaBoost algorithm over previous Bagging algorithm is to give an 
initial weight to the data of training sample set. During model training, the characteristics of 
training do not change, but the weight of the sample changes, which affects whether the sample 
is selected. Moreover, the sample extraction is the same as Bagging algorithm. Samples were 
taken for those that were put back[7].However, this algorithm still has its disadvantages, when 
there are outliers in the sample data, it may affect the final model classification effect. Therefore, 
there is still correlation between each base classifier, and the final classification of the model 
may not meet the expected requirements. 

(4) The idea of randomly extracting partial features comes from the random forest method, 
which applies the advantages of Bagging algorithm to the decision tree. It is characterized by 
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randomly selecting partial features before training the prepared data set, so the correlation 
between the created regression trees or classification trees is reduced. 

To sum up, the improvement of AdaBoost algorithm in this paper is to combine the above 
advantages, reduce the correlation between each base classifier in the algorithm, and improve 
the accuracy of model classification. 

4.  Actual data set analysis 

With the development of informatization and digitization, most people begin to shop on the 
Internet, which also brings a lot of economic benefits. In order to increase economic growth to 
a greater extent, it is necessary to analyze the data of online shopping users, so as to make 
targeted recommendations to users. 

In order to test the effect of the improved AdaBoost algorithm in specific application scenarios, 
behavioral data of Taobao users within a week were used for research and analysis. There are 
9999901 pieces of data in this data set, including 8949978 pieces of data for 'pv' behavior, 
291657 pieces of data for 'fav' behavior, 559123 pieces of data for ' cart 'behavior and 199,143 
pieces of data for' buy 'behavior. See Figure 4. 

 
Figure 4:The proportion of various types of behaviors in the dataset 

4.1. Data preprocessing 

Because the data used has a high imbalance, it is necessary to process the data to reduce the 
imbalance of the data.The above data sets are divided into training data sets and test data 
sets.20% of the data were randomly selected from the original data set as the test data set and 
the rest as the training data set.And the data is processed, as shown in Table 1. 

Table 1:  Training set and test set analysis 

 total pv cart fav buy 

Training set 7999920 7159819 447210 233420 159471 

Test set 1999981 1790159 111913 58237 39672 

Proportion / 89.5% 5.59% 2.92% 1.99% 

The user behavior of the above data set is divided into two categories, namely 'buy' and 'don't 
buy'. There were 7,840,449 'do not buy' data and 159,471 'buy' data in the training data set. 
There are currently four main approaches to dealing with imbalanced data sets. 

There are currently four main approaches to dealing with imbalanced data sets. 

(1)Oversampling. It works by copying a small number of samples so that the number of samples 
of each type is roughly equal. The disadvantage of this method is that some unnecessary noise 
points may be obtained in the model, which may lead to over-fitting of the model[8]. 

(2)Undersampling. Its principle is similar to that of oversampling, in which the operation of 
undersampling is not put back, resulting in approximately the same number of samples for each 
type. This is mainly done by processing the types with large number of samples, that is, 
discarding some of the samples in the process of sampling. In this way, the data information of 
this type will be missing without complete information. 
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(3)Double sampling. Its principle is the combination of over-sampling and under-sampling 
methods. The type with large sample size is treated with no put back and the type with small 
sample size is treated with put back[9]. 

(4)SMOTE. It is not a simple copy process for small sample size types. Its principle is to use the 
linear method to interpolate between a few similar samples and generate new sample points of 
a few types through the formula. The first step is to determine the few types of samples to 
generate, and then determine the multiples to generate, let's say k times. For each sample of a 
minority type, find the n sample points closest to it, randomly select k sample points from these 
sample points, calculate the distance between the original sample point and k close points, 
multiply the distance obtained by a random number in (0,1), and then obtain the distance 
between the new sample and the original sample. Each sample of a minority type can have k 
new sample points[10]. 

Firstly, AdaBoost algorithm is used to process the data set, and the most suitable method is 
selected to preprocess the data. Due to the large amount of data set, 10000 pieces of data were 
randomly selected for the experiment first, and then the samples for testing were predicted 
after the model was obtained. After the experiment was repeated for 100 times, AR (Model 
Accuracy),PR (Precision Accuracy) and RR (Recall Rate) of the four processing methods based 
on AdaBoost algorithm were obtained. See Table 2. 

Table 2:Comparison of sampling processing results 

Sampling Method AR PR RR 

Over Sampling 0.87 0.69 0.84 

Under Sampling 0.88 0.70 0.86 

Double Sampling 0.88 0.71 0.85 

SMOTE 0.89 0.75 0.88 

Based on the above experiment of SMOTE data processing, it can be seen that the model built 
by method after SMOTE sampling has the best prediction effect.So the data set used in the 
following experiment is the set processed by SMOTE sampling. 

4.2. Experimental results and evaluation 

In the data set used in this experiment, the sample size of "pv" behavior is 89.5%, the sample 
size of "cart" behavior is 5.59%, the sample size of "fav" behavior is 2.92%, and the sample size 
of "buy" behavior is 1.99%.If the model identifies all users' behavior as' pv', the model has an 
89.5 percent prediction accuracy. That's a high accuracy rate, but it doesn't make any sense. 
Due to the imbalanced data of user shopping behavior in this paper, the prediction accuracy of 
a few types of behavior is mainly concerned. In the experiment of this paper, three parameters 
will be used to evaluate the model, namely, model accuracy, accuracy and recall rate. First 
divide the original data set into training set and test set in the same way as above. Then use 
SMOTE sampling to process the training data set. KNN algorithm, AdaBoost algorithm and the 
improved AdaBoost algorithm were used for model training and model analysis. The three 
algorithms were trained 100 times, and the average AR, PR, RR of the three algorithms were 
obtained after the experiment. The results are shown in Table 3. 

Table 1:  Comparison of model training results 

Algorithm AR PR RR 

KNN 0.81 0.75 0.78 

AdaBoost 0.84 0.79 0.82 

Improved AdaBoost 0.85 0.81 0.84 
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According to the comparison of model training results in the table above, it can be seen that all 
dimensions of the improved AdaBoost algorithm are higher than those of the other two 
algorithms. The analysis of users' shopping behavior is mainly to recommend suitable products 
for users and provide higher transaction rates for merchants. 

5. Conclusion 

In this paper, an AdaBoost algorithm based on KNN algorithm is proposed to predict and study 
user shopping behavior data, and the idea of random forest is added in the process of model 
training. The experimental results confirm the improvement of the algorithm. In this paper, 
before model training, firstly analyze and process the data set. Because the used data set is 
unbalanced, use SMOTE sampling method to process the data. 

After data processing, KNN algorithm and AdaBoost algorithm were used to train the model, 
and AR, PR and RR were used to evaluate the model. It can be seen from the results that the 
prediction accuracy of these two single algorithms is not particularly good. 

In order to improve the model accuracy of AdaBoost algorithm, the idea of random forest is first 
added to the model, and then using the KNN algorithm as its weak classifier, AdaBoost's fusion 
model is trained and compare the results after training with the previous two single algorithms 
to find the algorithm improvements improve the classification accuracy of classifiers. In the 
future, we can also think about the innovation of AdaBoost algorithm from multiple 
perspectives such as processing efficiency. 
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