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Abstract - Random forests or random decision forests are an ensemble learning method 

for classification, regression and other tasks, that operate by constructing a multitude of decision trees at training time 

and outputting the class that is the mode of the classes (classification) or mean prediction (regression) of the individual 

trees. Random decision forests correct for decision trees' habit of over fitting to their training set. We use F-Measure 

and G-mean to evaluate the performance of the algorithm. Experiment result shows that the ensemble random forest 

algorithm outperformed SVM and other classification algorithms in both performance and accuracy within the 

imbalanced data, and it is useful for improving the accuracy of product marketing compared to the traditional artificial 

approach. 
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I. INTRODUCTION 

This marketing way has achieved good results in the past, 

which maintained the company sales performance for a 

long time through widespread sales. With the gradual 

opening of the insurance industry, a large number of private 

insurance companies enter the market, which forms a 

healthy competitive environment and constantly promote 

the reform of the insurance industry. On the other hand, 

people's willingness to purchase insurance gradually 

increased, the potential insurance customers are rapidly 

expanding.  

According to statistics, the success rate of the traditional 

telephone sale is less than one thousandth, and the 

insurance sales rate of senior insurance salesmen can reach 

about two percent, but this is obviously very inefficient. 

Therefore, how to better accurately understand the users' 

purchase intention has become a very urgent need for the 

insurance company. Gene expression programming (GEP) 

is a data driven evolutionary technique that well suits for 

correlation mining. Parallel GEPs are proposed to speed up 

the evolution process using a cluster of computers or a 

computer with multiple CPU cores. However, the 

generation structure of chromosomes and the size of input 

data are two issues that tend to be neglected when speeding 

up GEP in evolution.  

To fill the research gap, this paper proposes three guiding 

principles to elaborate the computation nature of GEP in 

evolution based on an analysis of GEP schema theory. As a 

result, a novel data engineered GEP is developed which 

follows closely the generation structure of chromosomes in 

parallelization and considers the input data size in 

segmentation. Via pushing data as a kind of commodity 

into a digital market, the data owners and consumers are 

able to connect with each other, sharing and further 

increasing the utility of data. Nonetheless, to enable such an 

effective market for data trading, several challenges need to 

be addressed, such as determining proper pricing for the 

data to be sold or purchased, designing a trading platform 

and schemes to enable the maximization of social welfare 

of trading participants with efficiency and privacy 

preservation, and protecting the traded data from being 

resold to maintain the value of the data.  

To address the aforementioned issues, in this paper we 

conduct a comprehensive survey of big data trading to 

assist newcomers and provide a general understanding of 

this complex discipline and emergent research area. Our 

contributions are listed as follows: 

 The review existing research related to big data, 

and identifies the big data lifecycle for data 

trading, including data collection, data analytics, 

data pricing, data trading, and data protection. It is 

worth noting that, because a significant volume of 

research has been devoted to data collection and 

data analytics, our survey focuses on data pricing, 

data trading, and data protection, which have not 

been well explored.  

https://en.wikipedia.org/wiki/Ensemble_learning
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Regression_analysis
https://en.wikipedia.org/wiki/Decision_tree_learning
https://en.wikipedia.org/wiki/Mode_(statistics)
https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Test_set
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 The existing research related to big data pricing. 

We first illustrate the principles of data pricing and 

explain the reasons why this process is important.  

 Categorize the popular market structures, data 

pricing strategies, and data pricing models, and list 

the advantages and limitations of each category. 

 Investigate the data trading process, and 

summarize data trading issues and the solutions for 

handling those issues. 

 Systematically investigate the auction, as one 

popular trading strategy, and detail different 

auction schemes, related platforms, and issues with 

respect to efficiency, security, and privacy 

protection, big data lifecycle: data protection. 

II. RELATED WORKS 

Usually, the classification problem for unbalanced data sets 

has two pretreatment methods.  

(1) Over sampling, this generates data of the minority class 

to balance the proportion of data through some specific 

algorithms 

(2) Under sampling, this reduces the proportion of the 

majority class through some sampling algorithm, so as 

to balance the number of positive and negative cases of 

training set [7].  

Over sampling method is mainly divided into two types,  

(1) A non-heuristic sampling method which increases 

minority class samples by random replication, is easy to 

cause the over fitting of decision boundary 

(2) A heuristic sampling method, which is represented by 

SMOTE algorithm [1], balances the category distribution of 

original data sets by adding some virtual samples. 

In recent years, many improved algorithms are proposed 

base on SMOTE, such as SMOTE-RSB [2] algorithm 

combined with the theory of RST, which filter the samples 

from the final sampling result when their similarity is 

greater than the given threshold; SMOTE-IPF [3] algorithm 

uses multi noise filter to resample synthetic sample data; 

SMOTE-FRST[4] algorithm is also combined with the 

theory of RST, which remove the synthetic samples that are 

less than the distance threshold; Borderline- SMOTE [10] 

focuses on the samples of minority class in the decision 

boundary when the law in the sample of a few samples on 

the boundary of decision during the sampling. Sampling 

method is also divided into non-heuristic method and 

heuristic method.  

(1) Non-heuristic method randomly remove the samples of 

majority class, in order to reduce the degree of 

imbalance, but this method will usually remove some 

key samples, which results in under fitting on the 

boundary of decision because of the lack of key 

characteristics 

(2) The heuristic sampling method usually distinguishes 

samples based on the recent neighbor algorithm, which 

divides the samples into safe points, dangerous points 

and noise points [5]. Representative algorithms include 

Tomek links [6], compressed nearest neighbor 

algorithm CNN [8], nearest neighbor removal 

algorithm NCL [9], and so on. In addition, some 

research scholars also proposed some novel algorithms 

such as boosting, bagging and other combination 

algorithm [11], [12], reverse random under sampling 

[7] and so on. 

III. RANDOM ALGORITHM 

3.1 Preliminaries: Decision tree learning 

Decision trees are a popular method for various machine 

learning tasks. Tree learning "come[s] closest to meeting 

the requirements for serving as an off-the-shelf procedure 

for data mining", say Hastie et al., "because it is invariant 

under scaling and various other transformations of feature 

values, is robust to inclusion of irrelevant features, and 

produces inspect able models. However, they are seldom 

accurate. [8] 

In particular, trees that are grown very deep tend to learn 

highly irregular patterns: they over fit their training sets, i.e. 

low bias, but very high variance. Random forests are a way 

of averaging multiple deep decision trees, trained on 

different parts of the same training set, with the goal of 

reducing the variance [9].
 
 This comes at the expense of a 

small increase in the bias and some loss of interpretability, 

but generally greatly boosts the performance in the final 

model. 

Bagging 

The training algorithm for random forests applies the 

general technique of bootstrap aggregating, or bagging, to 

tree learners. Given a training set X = x1, ..., xn with 

responses Y = y1, ..., yn, bagging repeatedly (B times) selects 

a random sample with replacement of the training set and 

fits trees to these samples: 

For b = 1, ..., B: 

1. Sample, with replacement, n training 

examples from X, Y; call these Xb, Yb. 

2. Train a classification or regression 

tree fb on Xb, Yb. 

 

After training, predictions for unseen samples x' can be 

made by averaging the predictions from all the individual 

regression trees on x' :                          

 or by taking the majority vote in the case of classification 

trees or by taking the majority vote in the case of 

classification trees [10]. 

https://en.wikipedia.org/wiki/Trevor_Hastie
https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Bias%E2%80%93variance_tradeoff
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This bootstrapping procedure leads to better model 

performance because it decreases the variance of the model, 

without increasing the bias. This means that while the 

predictions of a single tree are highly sensitive to noise in 

its training set, the average of many trees is not, as long as 

the trees are not correlated. Simply training many trees on a 

single training set would give strongly correlated trees (or 

even the same tree many times, if the training algorithm is 

deterministic); bootstrap sampling is a way of de-

correlating the trees by showing them different training 

sets. Additionally, an estimate of the uncertainty of the 

prediction can be made as the standard deviation of the 

predictions from all the individual regression trees on x': 

The number of samples/trees, B, is a free parameter. 

Typically, a few hundred to several thousand trees are used, 

depending on the size and nature of the training set [11-14]. 

An optimal number of trees B can be found using cross-

validation, or by observing the out-of-bag error: the mean 

prediction error on each training sample xᵢ, using only the 

trees that did not have xᵢ in their bootstrap sample The 

training and test error tend to level off after some number of 

trees have been fit. 

 

Figure 3.1 Flowcharts for Random Algorithm 

For a lot of classification models, the distribution balance 

and correlation of features directly affect the forecast 

results. Due to the imbalance distribution of the insurance 

business data feature and the independence between each 

other, directly using SVM or other strong classifier 

algorithms such as decision tree etc. will make a serious 

deviation result. So in handling such kind of problem, we 

prefer to use boosting algorithms or ensemble algorithms 

[15]. The primary problem of imbalance feature dataset 

classification is data resampling, there are two main types 

of paradigm through the previous research which called 

oversampling and under-sampling. In this article, we used a 

heuristic under-sampling method which using the bootstrap 

under-sampling with replace for several times on the 

original dataset, for each sampling batch we used k-nearest 

neighbor algorithm to preprocess[16-19] the candidate data 

sample set, and then calculated the classification result of 

each sampling batch. We draw lessons from the method of 

ensemble learning in the sampling process, used 

homomorphism integrated learning method to categorize 

the user feature dataset, unified with the random forest 

algorithm as the classification kernel model for each data 

batch.  

3.2 Ensemble Algorithm 

The Random Forest is made up of several decision trees, 

each decision tree will be full growth, it do not need to cut 

processing, the more tree it has the more accurate the result 

will be, and it will not over _tting. The random forest 

algorithm will do the overall estimate, and it has the 

advantage of automatic feature selection etc. So we have 

the following main problems to be solved. 

1) Design a bootstrap sampling with replace algorithm for 

minor class, and then find the k nearest major class 

Neighbor of the minority class samples, this could be 

parallel processed by taking the advantage of Spark[ 

20].  

2) Build the random forest classifier for each sampling 

batch, each classifier only process the training dataset 

https://en.wikipedia.org/wiki/Bias%E2%80%93variance_dilemma
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that dispatched on the same node, then using the model 

to predict the testing dataset in parallel, at last collect 

the prediction results by Spark Driver. To solve the 

above problems we need to design a global partition 

algorithm, put the data items which have the same key 

into same partition, and put the partitions that have to 

rely on into the same node. The ensemble random 

forest algorithm has to sampling[21-24] the origin 

dataset several times, and building random forest is a 

processing of iteration to promoting for user feature 

information gain, so we choose to implement the whole 

algorithm over Apache Spark platform, take the 

advantage of the Spark's efficient parallel computing to 

accelerate the calculation of the algorithm. 

IV. EXPRESSION PROGRAMMING 

4.1 Segmentation 

Segmentation is employed to segment the original input 

data set into a number of smaller data chunks of an equal 

size. The size of a data chunk is determined by a predefined 

segmentation ratio. A data chunk consists of a number of 

data samples. Two segmentation approaches are employed, 

which are random selection and cutting in sequence. 

Following the approach presented in [25] which provides a 

good sampling performance in data coverage, random 

selection is developed to select data samples from the 

original input data set and generate a data chunk. Each 

chromosome in a generation is processed with the same 

data chunk during the evolution of GEP. 

4.2 Overlapping 

While segmentation reduces the computation complexity of 

GEP, processing individual data chunks instead of the 

whole data set normally degrades the accuracy level of GEP 

[26]. This is especially true when the data samples have 

strong correlations. 

4.3 GEP Parallelization 

The data engineered GEP presented in Section IV-C is 

further parallelized with an aim to speed up the 

computation process when dealing with potential big data. 

The parallel GEP maintains the generation structure in such 

a way that it processes the chromosomes on a generation 

basis using a number of CPU cores simultaneously of 

which each CPU core has two threads. 

This fitness evaluator has two versions, one is designed for 

the random selection segmentation scheme without 

overlapping, whereas the other is designed[27] for the 

cutting in sequence segmentation scheme with overlapping. 

In the case of random selection, the quality of a 

chromosome is assessed considering the best local fitness 

value. 

The two versions of the P-GEP are significantly faster than 

the NICHE work. This is mainly due to the fact that P-GEP 

follows closely the generation structure of GEP leading to 

an efficient evolution. In addition, processing segmented 

data chunks further speeds up the computation. P-GEP-

random is even faster than P-GEP-overlap because the less 

computation overhead incurred in accessing the multiple 

data chunks. 

 
Figure 4.1 Phase of Training, CV and Test  

For Data Owners: Big data is the foundation for the  next 

wave of productivity resolution: Data Technology (DT). 

Data owners, such as Facebook, Google, Amazon, Tencent, 

and Alibaba, collect massive data via the services that they 

provide [84]. Obviously, via the advancements in big data 

analytics supported by machine learning and data mining 

techniques, those datasets produce huge value for those 

companies. For instance, with the assistance of machine 

learning and data mining techniques, e-commerce 

companies are able to push commodities on consumers' 

wish lists or browsing[28] history. The location-based 

service providers are able to distinguish the home or work 

locations for a customer, and provide the best route at the 

appropriate time. Nonetheless, not all the companies have 

the ability to collect the demanding data, since collecting 

huge and comprehensive datasets requires a significant 

infrastructure investment and long-term efforts. In terms of 

providing services, stimulating productivity, and 

maximizing [29] the value of data, the data owners have 

strong aspirations to trade their own datasets with others. 
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Figure 4.2 Indicator parameter for all features 

For Data Consumers: In high-competition environments, 

information is the key for a company to discover new 

business opportunities, values, and customers. Nonetheless, 

a big challenge is where the consumers can obtain the 

necessary datasets, since they have no ability to collect the 

data by themselves. To this end, the data consumers have a 

strong desire to purchase data [30] from the market, and use 

those valuable datasets to improve their services or 

products. As an example, based on sufficient information, 

manufacturers are able to maximally match the 

requirements for many different consumers with product 

differentiation, and service providers are able to re_ne their 

service plans [10] to improve and target their services to 

their customers. Thus, data trading is one viable approach 

to satisfy those needs. 

V. SIMULATION 

We separately used the SMOTE based algorithms and 

ensemble random forest algorithm to analysis the business 

data, then we choose traditional SVM, Logistic Regression 

and Random Forest algorithms to compare with the 

ensemble random forest algorithm. 

Our experiment was performed on a node Linux cluster. 

Each node has two 1.35GHz Intel core CPU, 8 GB 

memory, with Centos 6.5 operation system installed and 

Apache Spark 1.5 deployed. We extracted more than 

500,000 customer purchase behavior data from Company 

over the past three years. The positive cases are 20787 only 

accounted for 4.1% of the total data, and the features of the 

data is highly out of balance. We choose 16 available user 

features by computing the information gain, and 

preprocessing the business data by setting segmentation 

points for discrete values or setting the threshold value for 

sequence values. We separately used the SMOTE based 

algorithms and ensemble random forest algorithm to 

analysis the business data, then we choose traditional SVM, 

Logistic Regression and Random Forest algorithms to 

compare with the ensemble random forest algorithm.  

Their running times and evaluated results are shown in 

table 2, which shows that the ensemble random forest 

algorithm has higher operation efficiency than most of the 

strong classification algorithms, and it is suitable for 

imbalanced classification model. And the table 2 also 

shows that, strong classifiers to find the decision boundary 

due with the imbalance distribution of user features, the 

SMOTE sampling preprocessing is useful but it will spend 

a longer time to build the correct model on the large 

number of virtual samples, the ensemble random forest take 

fewer running time to get more accurate results because the 

sampling batch is parallel processed by executors, and it's 

Finally we used the ensemble random forest algorithm to 

analysis the customer feature data derived from Company, 

the experiment was performed to choose the potential user 

by ensemble random forest which compared with the 

traditional artificial approach, then compared with the real 

sales data, the error analysis was shows that the recall of 

traditional approach is only 4%,  and it distinguish the 

purchase ability of the potential users; the ensemble random 

forest algorithm predicted 60831 potential customers and 

24% of them buy the product indeed, the recall reached up 

to 30.9% within the range of prediction interval between 

60% and 90%, the error analysis shows that the ensemble 
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random forest could find the purchase feature of potential 

users effectively and improve the accuracy of product 

marketing.

Table 5.1 Construction Techniques for different type of convergence 

 

 
Figure 5.1 Computational scalability for objective value with Iterations 
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 We further evaluated the computation scalability of the 

data engineered GEP in dealing with varied numbers of 

CPU threads. The execution time of the data engineered 

GEP decrease when processing 1 TB particle physics data 

with an increasing number of CPU threads up to 1000. It 

can be observed that the speedup of parallelization is high 

when the number of CPUs is less than 100 due to the fact 

that CPU threads themselves can also cause an additional 

computation overhead. Parallelization on particle physics 

data for parallelization on power system data. Fluctuations 

in performance gain via parallelization. Data samples in the 

power system data set have a simpler Structure than the 

data samples in the particle physics data set. As a result, the 

performance gain achieved via parallelization in processing 

one unit of power system data using a number of CPU 

threads is less than the case of processing one unit of 

particle physics data. When the structure of a data set like 

the power system data is simple, the performance gain of 

parallelization can be easily offset by the computation 

overhead incurred in maintaining these CPU threads. This 

can be observed the execution time of the data engineered 

GEP decreases sharply with an increasing number of CPU 

threads up to 23.  

The data engineered GEP reaches the lowest estimated 

execution time of 5.66E + 013 s when 23 CPU threads 

participate in the computation. After this point, the 

execution time goes up due to a high ratio of the overhead 

incurred in maintaining these CPU threads to the 

performance gain achieved through parallelization. The 

fluctuations in performance gain via parallelization can be 

further observed in a segmentation ratio of 5% was used on 

the two original data sets. Overall the data engineered GEP 

achieves a high scalability in dealing with potential big data 

using a large number of CPU threads.  The different types 

of digital content management, namely software-based 

DRM, multimedia-based DRM, and unstructured data-

based DRM, have been well explored. As we can see, 

digital management techniques serve as the key method to 

protecting big data from being stolen and copied. 

Nonetheless, with the rapid increase of digital content and 

the trade properties of big data, the feasibility of existing 

data protection schemes and more advanced techniques 

should be further investigated. 

VI. CONCLUSION 

This paper analyzed the imbalance distribution of business 

data, concluded the preprocessing algorithms of imbalance 

dataset, proposed an ensemble random forest algorithm 

based on Apache Spark which can be used in the large 

scaled imbalanced classification of insurance business data, 

the experiment result showed that the ensemble random 

forest algorithm is more suitable in the insurance product 

recommendation or potential customer analysis than 

traditional strong classifier like SVM and Logistic 

Regression etc. The proposed bootstrap under-sampling 

algorithm combined with the KNN could be used into 

preprocessing of imbalanced classification algorithms. The 

ensemble learning algorithms combined with bootstrap 

sampling preprocessing could reduce the learning process 

further, and it also has a good reference to other imbalanced 

data mining algorithms. Although the proposed ensemble 

random forest algorithm is used to analyze insurance big 

data in this paper, it can also be applied to big data analytics 

for Internet of things and mobile Internet. It should be 

pointed out that for data sets with a high volume in size but 

a low complexity in data structure, purely increasing 

the number of CPU threads could lead to slow executions 

due to the fact that the overhead incurred in maintaining 

these CPU threads is higher than the performance gain to be 

achieved through parallelization. The data engineered GEP 

can further benefit from the schema theory proposed in our 

previous work [23] which introduces the concept of 

building blocks in GEP evolution. A GEP building block is 

a segment shared by high quality chromosomes in a 

population which can be discovered during the evolutionary 

process. Building blocks can be used to replace the 

corresponding segments of low quality chromosomes for 

computation speedup in evolution. Therefore, a future work 

will research how the data engineered GEP can be 

integrated with building blocks. Then, we reviewed existing 

works related to big data pricing. With regard to data 

pricing, we clarified its importance, categorized different 

market structures, data pricing strategies, and data pricing 

models, and then listed the advantages and limitations of 

each category. For the data trading process, we outlined key 

issues associated with data trading and their possible 

solutions. We further investigated auction strategies and 

detailed different schemes, trading platforms, and related 

issues. Finally, we investigated data protection as the last 

stage of the big data lifecycle. We categorized existing 

copyright protection schemes and outlined the challenges of 

big data copyright protection. Notice that the main purpose 

of this survey is to provide a clear and deep understanding 

of big data trading.  
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