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Abstract
Business Artificial Intelligence (BAI) is the process of transforming 
raw data into useful information for more effective strategic, 
operational insights, and decision-making purposes with Artificial 
Intelligence agent so that it yields real business benefits. This 
new emerging technique can not only improve applications in 
enterprise systems and industrial informatics, respectively, but 
also play a very important role to bridge the connection between 
enterprise systems and industrial informatics. This paper was 
intended as a short introduction to BAI with the emphasis on 
the fundamental techniques, fundamental algorithms and recent 
progress. In addition, we point out the challenges and opportunities 
to smoothly connect industrial informatics to enterprise systems 
for BAI research. 
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I. Introduction
The past industrial informatics focus on, how to provide more 
efficient and productive operations. However, nowadays they 
cannot stay competitive any longer just by providing more efficient 
and productive operations. They are facing the challenges of 
processing huge amounts of data and turning it into smart and 
timely decisions to deliver better products and services. In order 
to deliver the useful information for decision-making, business 
Artificial intelligence (BAI) is the key technologies for users to 
efficiently extract useful information from oceans of data with 
AI agent. The concept of BI was firstly introduced by Garter 
Group, and incipiently referred to the tools and technologies 
including data warehouses, reporting query and analysis. Now, 
BAI is regarded as a key approach to increasing the value of 
the enterprise. The BI is used either to make to detect trends, 
identify patterns and analyzes data, while OLAP is the set of front-
end analyzing tools. With respect to data warehouse and OLAP, 
we can treat them as components for next-generation database 
systems. Comparing to developing software packages, researchers 
in industrial informatics and enterprise systems tend to be more 
interested in applying BI in the industrial environment.
Since the purpose of this paper is to provide the research insights 
of using AI, we focus on the survey on data mining with AI 
agent, which detects interesting patterns and provides research 
opportunities in industrial informatics. Here, we categorize all the 
data mining techniques into two big groups: supervised learning 
methods and unsupervised learning methods. Supervised learning 
methods build a model to predict a specified unknown attribute 
according to the observed attributes, while unsupervised learning 
methods extract patterns, such as clusters, process graphs, and 
correlated items from data from that selected pattern we consider 
AI agent out of them. With respect to supervised learning, more 
accurate prediction is the golden goal. Although there are lots of 
ongoing researches for different supervised learning methods, the 
gain of selecting a proper method is usually much bigger than the 

gain of improving a given method. 
Today’s business world is driven by customer demand. 
Unfortunately, the patterns of demand vary considerably from 
period to period. This is why it can be so challenging to develop 
accurate forecasts. Forecasting is the process of estimating future 
events, and it is fundamental to all aspects of management. The 
goals of forecasting are to reduce uncertainty and to provide 
benchmarks for monitoring actual performance. Business 
Intelligence informatics technologies and artificial intelligence 
(AI) techniques are being used to improve the accuracy of forecasts 
and thus making a positive contribution to enhancing the bottom 
line.
Since our goal is to improve the industrial informatics and enterprise 
systems forecast applications rather than doing research on data 
mining area, we focus on introducing benchmark algorithms and 
providing guidelines for selecting the right type of supervised 
learning algorithms. Since better unsupervised learning algorithms 
can find better patterns, we focus on introducing the state-of-art 
unsupervised learning algorithms. Supervised learning includes 
Decision Tree, Bayesian Statistics, Neural Network, Support Vector 
Machine, Regression, and Nearest Neighbors, while unsupervised 
learning includes item set Mining, and Clustering.

II. Proposed Survey

A. Unsupervised Learning

1. Itemset Mining
The first research on itemset mining is frequent itemset mining 
which searches sets of items appearing together frequently in 
a data set by the Apriori algorithm [1]. The Apriori algorithm 
makes use of an important downward closed property to prune 
the exponential superset search space. 

(i). Improving the Efficiency of Apriori
(a). Hash-based technique – to reduce the size of the candidate 
k-itemsets, Ck, for k>1

Generate all of the 2-itemsets for each transaction, hash them • 
into a different buckets of a hash table structure
H(x,y)=((order of x)X10+(order of y)) mod 7• 

(ii). Transaction reduction – a transaction that does not contain any 
frequent k-itemsets cannot contain any frequent k+1 itemsets.
(iii). Partitioning – partitioning the data to find candidate 
itemsets 

Fig. 1:
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(iv). Sampling – mining on a subset of a given data 
searching for frequents itemsets in subset S, instead of D• 
Lower support threshold• 

(v). Dynamic itemset counting – adding candidate itemsets at 
different points during a scan
Given an association rule and are often used to represent its 
significance. Association rules are usually required to satisfy a 
user-specified minimum support and a user-specified minimum 
confidence at the same time. Association rule generation is usually 
split up into two separate steps:

First, minimum support is applied to find all frequent itemsets • 
in a database.
Second, these frequent itemsets and the minimum confidence • 
constraint are used to form rules.

While the second step is straightforward, the first step needs more 
attention.
However, these can produce misleading results because of the lack 
of comparison to the expected probability under the assumption of 
independence.  In order to overcome the shortcoming of support, 
Lift [9], Conviction [10], and Leverage [4] are proposed. Measures 
the ratio of X and Y’s actual co-occurrence to the expected value 
under the independence assumption. Compares the probability 
that X appears without Y if they were independent with the actual 
frequency of the appearance of X without Y. measures the difference 
of X and Y appearing together in the data set and what would 
be expected if X and Y were statistically independent. Dunning 
introduced a more statistically reliable measure, Likelihood 
Ratio [11], which outperforms other correlation measures in text 
mining. Jermaine [2] extended Dunning’s work and examined the 
computational issue of Probability Ratio and Likelihood Ratio. Bate 
[3] proposed a correlation measure called Bayesian Confidence 
Propagation Neural Network (BCPNN) which is good at searching 
for the correlated patterns occurring rarely in the whole dataset. 
The above correlation measures are intuitive; however, different 
correlation measures provide drastically different results. Given 
an itemset, Shapiro [4] proposed the three mandatory correlation 
properties for a correlation measure to satisfy. The three mandatory 
correlation properties help rule out some bad measures like 
support, all-confidence [5], bond [5], IS (Tan, 2000). However, 
other bad measures like the simplified chi-squre, probability ratio 
still satisfy all the three mandatory correlation properties. Tan [6] 
also proposed several correlation properties, and the purpose of 
the proposed properties by Tan is to categorize the correlation 
measures which generate the similar results. In addition, the 
proposed properties by Tan can only be used for the pair-only 
correlation measures. Recently, Duan et al. [7-8] studied the upper 
and lower bound of different correlation measure and proposed 
three desired correlation properties to rule out the remaining bad 
correlation measures. Among 19 different correlation measures 
examined by Duan, only four measures, leverage, likelihood ratio, 
the simplified chi-square with continuity correction, and BCPNN, 
satisfy all the mandatory and desired correlation properties [7]. 
Experimental results also show that the above four measures 
usually search better patterns than other measures which violate 
mandatory or desired correlation properties.
Much previous research focuses on finding correlated pairs instead 
of correlated itemsets in which all items are correlated with each 
other. However, there are some applications in which we are 
specifically interested in correlated itemsets rather than correlated 
pairs. For example, we are interested in finding sets of correlated 
stocks in a market, or sets of correlated gene sequences in a 
microarray experiment. But finding correlated itemsets is much 

harder than finding correlated pairs because of two major problems. 
First, computing correlation for each possible itemset is an NP-
complete problem [2]. Second, if there are some highly correlated 
items within an itemset and the rest are totally independent items, 
all the correlation measures still indicate that the itemset is 
correlated. No existing measure provides information to identify 
the itemsets with independent items. Comparing to correlation 
measures, support is not effective but the search is fast for high 
dimension because of its natural downward-closed property. An 
alternate is to find the top-k correlated itemset. The correlation 
measures can search for more meaningful correlated patterns than 
support, but do not have the downward-closed property to reduce 
the computational expense. To sum up, support is efficient but 
not effective, while correlation measures are effective but not 
efficient. In order to solve the problem, other trade-off measures 
like all-confidence [5] were proposed. All-confidence is as fast as 
support; however, the correlation is still measured in a sub-optimal 
way. Requiring the correlation measure to be both effective and 
efficient is too demanding. Instead of proposing another efficient 
correlation measure, Duan et al. [12], [8] proposed a fully-correlated 
itemsets framework, in which any two subsets are correlated. This 
framework can not only decouple the correlation measure from 
the need for efficient search, but also rules out the itemsets with 
irrelevant items. With it, we only need to focus on effectiveness 
when selecting correlation measures. Another computational issue 
related to the correlated itemset search is the performance of the 
correlated pair search. Unlike finding frequent itemsets which can 
start pruning from 1-itemsets, searching fully-correlated itemsets 
must start pruning from pairs. As the number of items and records 
in a dataset increases, calculating the correlation values for all the 
possible pairs is computationally expensive. The most significant 
progress in speeding up correlated pair search was made by Xiong 
et al. [13-14]. He made use of the upper bound of the Pearson 
correlation coefficient. The computation of this upper bound is 
much cheaper than the computation of the exact correlation because 
this upper bound is a function of single item supports. In addition, 
the upper bound has special 1-dimensional and 2-dimensional 
properties that prune many pairs from the search space without 
the need to computer their upper bounds. However, this work is 
only related to the Pearson correlation coefficient. Duan et al. [12] 
extended this work to any correlation measure that satisfies the 
three mandatory properties, and proposed a Token-ring algorithm 
to speed up the search. By combining the fully-correlated itemset 
framework, Token-ring algorithm, and the selected correlation 
measure likelihood ratio, we are able to find the more useful 
correlated patterns on a large dataset.

2. Clustering 
Clustering assigns records into groups. A lot of clustering 
algorithms have been proposed. No matter how the algorithms 
are designed, their goal can be summarized into two objectives: 
(1) the objects in the same group are similar to each other. (2) The 
objects in different groups are dissimilar to each other. Different 
types of clustering algorithms strike a different balance between 
the two objectives. The widely-used clustering algorithms have 
three categories: partitioning, hierarchical, and Density-based 
clustering. The partitioning clustering uses an iterative relocation 
procedure to move objects from one group to another. The K-means 
algorithm is composed of the following steps:

Place K points into the space represented by the objects • 
that are being clustered. These points represent initial group 
centroids.
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Assign each object to the group that has the closest • 
centroid.
When all objects have been assigned, recalculate the positions • 
of the K centroids.
Repeat Steps 2 and 3 until the centroids no longer move. This • 
produces a separation of the objects into groups from which 
the metric to be minimized can be calculated.

The algorithm stops when the centers will not move any more. 
However, K-means tends to partition the whole space to equal 
size in order to minimize the global variance and the value of is 
usually hard to determine. In order to solve this problem, a more 
robust Expectation-Maximization clustering algorithm [15] was 
proposed. The goal is to estimate the parameters of possible mixing 
Gaussian distributions. It alternatively estimates the expected 
probability for each object as a member of each group, and alters 
the parameters of each group to maximize those probabilities. 
The EM clustering algorithm has many successful applications 
in computer vision and natural language processing; however, 
it has the assumption that clusters are spherical-shaped and this 
assumption holds for any partitioning clustering algorithm.
Therefore, partitioning clustering algorithms have trouble to detect 
arbitrary shape clusters. A hierarchical clustering method groups 
objects in a way that can be represented in a tree structure. The 
hierarchical tree is constructed either in a bottom-up (merging) 
or top-down (splitting) fashion. AGNES merges closest group 
through a single-linkage approach in which the similarity is 
measured by the closest pair between two groups. In general, the 
complexity of hierarchical clustering is not less than and it is too 
expensive for large datasets. Only for some special cases, some 
efficient algorithms can be, such as SLINK [16] for the single-
linkage. Another problem of hierarchical clustering is that the 
wrong decision made in the previous merge or split step affects 
the following steps. However, hierarchical clustering is capable of 
finding clusters of arbitrary shapes which cannot be discovered by 
a partitioning clustering method. Although hierarchical clustering 
can find arbitrary shape clusters, it only considers cluster proximity 
yet ignores cluster interconnectivity, and an outlier is still assigned 
to the closest cluster. To discover clusters with arbitrary shape and 
outliers, density-based clustering methods have been developed. 
These typically regard clusters as dense regions of objects in 
the data space separated by regions of low. DBSCAN [17] was 
the first density-based algorithm which grows clusters according 
to a density-based connectivity analysis. Another density-based 
algorithm DENCLUE [18] clusters objects based on a set of 
density distribution functions. Both DBSCAN and DENCLUE use 
a global density parameter to find clusters. However, a common 
property of many practical data sets is that their intrinsic cluster 
structures cannot be characterized by global density parameters. 
As a result, very different local densities may be needed to reveal 
clusters in different regions of the data space. Therefore, OPTICS 
was proposed to extend DBSCAN to produce a cluster ordering 
obtained from a wide range of parameter settings. OPTICS only 
considers the absolute distance from its closest neighbor without 
considering the neighborhood density. Sometimes, an outlier closer 
to dense region will be considered as a member of the cluster [19]. 
LDBSCAN [20] combines the concepts of DBSCAN and LOF [14] 
to discover clusters and outliers. LOF uses a more meaningful way 
to assign to each object a degree of being an outlier than to consider 
being an outlier as a binary property. There are two potential 
benefits of combining clustering and outlier detection: increasing 
precision and facilitating data understanding. LDBSCAN is able 
to detect not only arbitrary shape and different density clusters, 

but also clusters that reside in other clusters. Same as nearest 
neighbor for prediction, the distance function is very important to 
clustering; however, the more important issue is feature selection, 
especially for high dimensional clustering. For prediction problem, 
feature selection is relatively easy because we only need to search 
the feature related to the class. For clustering, different groups 
of features need to be found for a different partition. Take oil, 
water, nature gas, and vapor for example, both oil and water are 
liquid, while nature gas and vapor are gas if we use their physical 
attributes. However, from the energy perspective, oil and nature 
gas are energy source while water and vapor are not. Different 
clustering algorithms are proposed to handle this problem, such 
as axis-parallel subspace clustering, pattern-based clustering, and 
arbitrarily oriented subspace clustering [21]. Different types use 
different strategies to search for combinations of features. Since 
there are no generally accepted criteria to guide the search, the 
high dimensional clustering is still an open research issue. 

B. Supervised Learning
All the supervised learning methods can be used for nominal 
prediction, while only neural network, regression model, and the 
nearest neighbor method can be used for numeric prediction.

1. Decision Tree
Decision tree learning, used in statistics, data mining and machine 
learning, uses a decision tree as a predictive model which maps 
observations about an item to conclusions about the item’s 
target value. More descriptive names for such tree models are 
classification trees or regression trees. In these tree structures, 
leaves represent class labels and branches represent conjunctions 
of features that lead to those class labels. The most important step 
is how to select an attribute for splitting, and three benchmark 
measures,
Information Gain [22], Gain Ratio [23], and Gini Index, are 
used. Information Gain calculates the difference between the 
original entropy and the new entropy after the partition on a 
selected attribute, which tells us to what degree the attribute, 
can improve the purity of partitions. However, information gain 
favors attributes with unique values for each record because such 
attributes partition the whole dataset into subsets containing only 
one record. Although each subset is pure, this model is over fitting 
and cannot be used for prediction. Gain Ratio uses the split entropy 
to regulate Information Gain, and Gini Index uses another way 
to measure how fuzzy a given set is. Generally speaking, Gain 
Ratio favors unbalanced partition, and Gini Index is not good for 
large number of classes. Although Decision Tree can be applied 
to numeric attributes, it adds a layer of complexity of how to 
discredit the value into different ranges and is not recommended 
for a data set with numeric values. Decision Tree can also be used 
for numerical prediction, but it has to integrate regression model 
to achieve that goal. The integration will be introduced in the 
Regression section. If all the attributes in the data set are nominal 
and it is for nominal prediction, the performance of Decision Tree 
is usually good if not the best, and it is easy to interpret. In addition, 
Decision Tree by itself involves the feature selection procedure; 
therefore, we don’t need to preprocess data by feature selection.

2. Bayesian Statistics
Bayesian statistics is a subset of the field of statistics in which the 
evidence about the true state of the world is expressed in terms 
of degrees of belief or, more specifically, Bayesian probabilities. 
Such an interpretation is only one of a number of interpretations 
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of probability and there are many other statistical techniques that 
are not based on “degrees of belief”. Bayesian classifiers make 
use of the Bayes’ theorem for prediction. For data sets with many 
attributes, it is extremely expensive to compute the conditional 
probability. Therefore, the naïve Bayesian assumes attributes are 
independent from each other. Since the assumption of independence 
is usually violated in practical applications, Bayesian network is 
proposed to solve this problem. It allows dependencies between 
attributes and constructs a directed acyclic network to calculate 
the joint conditional probability. The most challenge part is how 
to construct the network. It can be specified by human or learned 
from data [24]. Bayesian classifiers are supported by statistic 
theories and the best if the assumptions are satisfied. Therefore, we 
must make sure attributes are independent from each other before 
using naïve Bayesian. For Bayesian network, the learned topology 
from data is usually awkward and not working well. Currently, if 
the topology is not too complicated, the best way of constructing 
it is by human. If the network can be correctly constructed by 
human, its performance [25]can surpass the state-of-art classifiers 
like Neural Network and SVM. Bayesian classifiers can handle 
both nominal and numeric attributes well for nominal prediction. 
Generally speaking, Bayesian classifiers are not recommended 
unless users are experts on them. It involves lots of human efforts 
to satisfy the assumption of Bayesian theorem to get the best 
result.

3. Neural Network
Neural Network is composed of connected artificial neurons with 
a weight associated with each edge. The basic structure has three 
layers: input, hidden, and output. 

Fig. 2: 

An Artificial Neural Network (ANN) is an information processing 
paradigm that is inspired by the way biological nervous systems, 
such as the brain, process information. Although there are many 
different neural network algorithms, the most popular one is 
back propagation. It iteratively adjusts the weight on each edge 
by comparing the prediction with the actual value. Since the 
modification is made in the backward direction, it is called back 
propagation. Basically, neural network generates the value for 
numeric prediction.
However, by using the same transforming function as logistic 
regression, neural network can also predict binary value. If the 
hidden layer is removed and the structure only contains input 
and output layers, the Neural Network is equivalent to the linear 
regression model. The Neural Network is equivalent to the 
polynomial regression model if the hidden layer only has one 
layer, and it can make any nonlinear separation if the hidden 
layer has two layers. Therefore, two hidden layers is enough for 

any type of prediction and we don’t have any gain by adding 
more hidden layers than two. Comparing to decision tree and 
Bayesian classifiers, it is hard to explain how results are produced. 
However, Neural Network usually provides better results than 
decision tree and Bayesian classifiers. If users are only interested 
in the prediction accuracy and don’t care how the decision is made, 
Neural Network is a good choice [26]. While the training of Neural 
Network is extremely time-consuming, the advantage is that it 
usually only needs thousands of records to train a good model. 
Therefore, it is very useful if the user only has a small dataset. 
In addition, Neural Network is well-suited for both numeric and 
nominal attributes while decision tree handles nominal attributes 
better than numeric attributes.

4. Support Vector Machine 
The basic SVM takes a set of input data and predicts, for each given 
input, which of two possible classes forms the output, making it 
a non-probabilistic binary linear classifier. Given a set of training 
examples, each marked as belonging to one of two categories, a 
SVM training algorithm builds a model that assigns new examples 
into one category or the other. A SVM model is a representation 
of the examples as points in space, mapped so that the examples 
of the separate categories are divided by a clear gap that is as 
wide as possible. Support Vector Machine searches for the hyper 
plane that separates two classes most. It was originally proposed 
for a linear separation [27]. Later on,  Boser et al.  used a non-
linear kernel function to map the original data into a higher linear 
separable dimension space.
Three commonly used kernel functions are polynomial function, 
Gaussian radial basis function, and sigmoid function. Lin et al. 
[28]found the relationship between non-linear SVM and two layer 
neural networks. There is no guarantee that non-linear SVM predicts 
better than linear SVM because it depends on the characteristics 
of the data set. Sometimes, users need to try different types of 
SVM to find the best model for their data. Both SVMand neural 
networks are considered as the best classifiers with respect to the 
accuracy. The SVM can only be applied for nominal prediction 
but less prone to over fitting than other methods. If users want to 
get high accurate nominal prediction and get round with the over 
fitting issues, SVM is a good choice.

5. Regression 
The regression models have the long history in the statistical area 
and are widely applied to any research area dealing with data. They 
estimate the conditional expected change of the predicted value 
given the observed attribute. The linear regression model is the 
basic model. The general linear model can handle the correlation 
between attributes. Logistic regression model is specialized for 
binary prediction, and multivariate adaptive regression splines 
[29] deal with non-linearity and interactions. The regression 
models can be applied to any applications because they are able 
to do any types of prediction and handle any type of data. However, 
the regression models are not specially designed for prediction 
purposes. The accuracy performance is generally not as good as 
Neural Network and SVM.

6. Nearest Neighbor 
The nearest neighbor classifier learns the target value by comparing 
a record with the historical record similar to it. There are two 
important issues related to the performance of nearest neighbor: 
distance function and feature selection. If the absolute value is 
important such as temperature in boilers, Euclidean distance is 
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recommended. If the absolute value is not important but the angle 
is such as the word frequency in a document, Cosine distance is 
recommended. Any distance-based function intrinsically assigns 
equal weights to each attribute. In other words, irrelevant attributes 
degrade the accuracy heavily and feature selection can improve the 
accuracy of nearest neighbor a lot. The nearest neighbor classifier 
doesn’t need to build a model beforehand, but the time spending 
on prediction is expensive.

7. Advanced Issues 
We summarize different supervised learning methods in Table II. 
In addition to the difference among different methods, there are 
two important general issues for supervised learning methods: over 
fitting and ensemble. A supervised learning is over fitting when 
it is more accurate in the training data but less accurate in new 
data. A lot of supervised learning methods adapt themselves to 
outliers if the learning was performed too long. In order to avoid 
overfitting, the most commonly used technique is cross-validation, 
where a portion of data is used only for evaluation and not used 
for training. Other techniques to prevent overfitting include 
regularization, early stopping, and pruning [30], [31], which are 
specially designed for different supervised learning methods. 
Ensemble uses several different models for better predictions. 
The ensemble can be considered as a committee where each model 
is a committee member. The majority vote usually makes better 
decision than any single model. Two commonly used techniques 
are bagging and boosting [32]. Bagging uses a randomly-drawn 
subset to build different models, while boosting trains each new 
model with emphasis on the mis-classified data from previous 
models. Bagging is less likely to be overfitting than boosting 
because bagging involves the randomness while boosting focuses 
more on the mis-classified data which might be an outlier. If the 
data are noisy, bagging can generate better results; otherwise, 
boosting is better

III. Future Research Opportunities
A lot of research progresses have been made recently in BAI. 
However, there are more emerging issues to challenge the 
traditional methods. We know AI is the main concern for doing 
any related opportunities in industrial informatics and enterprise 
systems to apply and improve the existing BAI methods.

IV. Conclusion
Business Artificial Intelligence (BAI) is the process of transforming 
raw data into useful information for more effective strategic, 
operational insights, and decision making purposes with Artificial 
Intelligence agent so that it yields real business benefits. This new 
emerging technique can not only improve applications in enterprise 
systems and industrial informatics, respectively, but also play a 
very important role to bridge the connection between enterprise 
systems and industrial informatics. This paper describes the how 
the possible way for use AI in business so it will be beneficial for 
current business technique. In this paper I introduction to BAI 
with the emphasis on the fundamental techniques, fundamental 
algorithms and recent progress. In addition, I point out the 
challenges and opportunities to smoothly connect industrial 
informatics to enterprise systems for BAI research. 
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