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Abstract 
 

At present, artificial intelligence (AI) technology is receiving much attention and applied in each field of society. AI is one of the key 

technologies to lead the fourth industrial revolution along with the internet of things and big data. Therefore, many companies and re-

search institutes are trying to systematically analyze AI technology in order to understand the AI itself correctly. In this paper, we also 

study on a method to analyze AI technology based on quantitative approach. We correct the patent documents related to AI technology, 

and analyze them using statistical modelling. We use Bayesian inference for neural networks to build our proposed method. To verify the 

validity of our research, we carry out a case study using the AI patent documents. 
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1. Introduction 

Artificial intelligence (AI) is to make computers intelligent [1]. 

The technology of AI has been rapidly dominating other technolo-

gy areas. Most technologies combine with AI to improve perfor-

mance in their technology areas. In the era of the fourth industrial 

revolution, the internet of things (IoT) has changed the world in a 

smarter way by combining with AI technology [2-5]. So many 

researchers have tried to analyze the technologies related to AI for 

knowing the AI itself [6-8]. One such attempt is to analyze objec-

tively AI technology using systematic analysis techniques. In this 

paper, we propose an objective method to analyze AI technology. 

First we collect the patent documents related to AI technology. 

This is because the patent contains much information about the 

developed technology. Next we analyze the patent data using sta-

tistical modelling. We combine Bayesian inference and artificial 

neural networks to construct the proposed model of AI patent 

analysis. In addition, we performed a case study using AI patent 

documents to illustrate how our method could be applied to real 

problem. 

2. Bayesian inference 

An Bayesian inference is based on Bayes’ rule. This consists of 

the conditional probability as follow [9-11]. 
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Using this rule, we can compute accurately the unknown prob-

ability of event (X|Y) by the known probability of event (Y|X). In 

addition, the probability of X given Y is updated by the probabil-

ity of X and the probability of Y given X. This process is called 

Bayesian learning in Bayesian statistics [12]. In this paper, we use 

this learning process for neural network model to analyse techno-

logical data related to AI. Neal (1996) showed the Bayesian learn-

ing process for artificial neural networks based on probability and 

Bayesian statistics [12]. The Bayesian learning process updates 

the model parameter  by Bayes’ rule as follow [12].  
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Where L(|x) and P() are likelihood function and prior distri-

bution respectively, and we compute the posterior distribution 

P(|x) by combining L(|x) and P(). So, the posterior probability 

distribution is updated whenever data (x) is added. In this paper, 

we apply the Bayesian inference to neural network model for 

technology analysis of AI.   

3. Technology analysis using Bayesian infer-

ence for neural networks 

In this paper, we use the multilayer perceptron models based on 

back propagation and feed forward networks. This model basically 

consists of input x, and output y or f(x). The y is computed by one 

or more inputs. Also, this model considers one or more hidden 

layers between input and output layers. The hidden layer is repre-

sented as follow [12-14].  

 

 xwbxh 11)(                                                              (3) 

  

Where b1 and w1 are bias and weight of network connection, 

and the output layer is shown as follow [12-14].  
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Where b2 and w2 are also bias and weight of neural network 

model respectively. The sigmoid() is an activation function such as 
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logistic or hyperbolic tangent. Therefore, we consider the follow-

ing model by combining input, hidden, and output layers. 
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Where i is followed to Gaussian distribution with mean=0 and 

variance=2. The n is data size, and Logistic() is the activation 

function as the following growth curve [15]. 

 

x

x

e

e
xg



1

)(                                           (6) 

 

Fig. 2 shows the proposed process of technology analysis by 

Bayesian inference for neural network models. 

 

 
 

Fig. 1: Technology analysis process by Bayesian inference for neural 

network models. 

 

We collect the patent documents related to AI from the world 

patent databases [16,17]. Next we extract the technological codes 

such as the IPC (international patent classification) code [18]. The 

codes are used for input and output layers. From the results of 

technology analysis regarding to AI, we build the research and 

development (R&D) strategy for management of technology in 

our research.  

4. Experimental results 

We collected the patent documents related to AI from the pa-

tent databases [16,17]. The number of all searched patent docu-

ments is 13,858 after checking valid patents, and total 366 IPC 

codes are included in the patent documents. The IPC code with the 

highest frequency was G06F. This represents the technology relat-

ed to the electronic digital data processing [18]. So we decided the 

IPC code (G06F) as response (output) variable in our model. Next, 

from the IPC codes, we selected top 20 IPC codes with the highest 

frequency except G06F for explanatory (input) variables as fol-

lows; G06K, H04N, G10L, G06T, A61B, H04M, G01N, H04R, 

G06N, G01S, H04L, G06Q, H04B, H04W, G09G, G02B, G11B, 

G08B, G01B, and B41J. In this paper, we assigned the IPC codes 

to four groups according to their frequency values. Group 1 has 

the largest frequency and Group 4 has the smallest frequency. To 

show the frequency distributions of the input IPC codes, we built 

the boxplots of them in Fig. 2.     

 

 
 
Fig. 2: Boxplots of top 20 IPC codes used for input variables. 

 

The boxplot provides effective visualization of data by using 

five number summary (minimum, 25th percentile, median, 75th 

percentile, maximum) [11]. We saw that the frequency of most of 

the code was very small, including zero. To carry out the proposed 

method with patent documents preprocessing, we used the R data 

language and the packages provided by the R [19-22]. To carry 

out the Bayesian inference for neural networks model, we consid-

ered the proposed method for four Group models as follows. 

 

Group1: G06F = f(G06K, H04N, G10L, G06T, A61B) 

 

Group2: G06F = f(H04M, G01N, H04R, G06N, G01S) 

 

Group3: G06F = f(H04L, G06Q, H04B, H04W, G09G) 

 

Group4: G06F = f(G02B, G11B, G08B, G01B, B41J) 

 

In the Bayesian neural network model, we considered input 

layer with five neurons, one hidden layer with two neurons, and 

output layer with one neuron. In addition, the input and hidden 

layers have bias neurons. So the number of connection weights is 

14, and we compute this weights by Bayesian learning for neural 

networks. For the performance evaluation of the model, we used a 

measure to evaluate the difference between the actual and the 

predicted values. Table 1 shows the mean absolute deviation 

(MAD) of Bayesian neural network models according to the 

groups.  

 
Table 1: Mean Absolute deviation (MAD) of Bayesian neural network 
models according to groups 

Group Min Median Mean Max 

1 0.0003 0.3235 0.6075 9.8467 

2 0.0077 0.5051 0.7360 9.0655 

3 0.0058 0.5609 0.7567 9.4391 

4 0.0007 0.5346 0.7586 9.4654 

 

In this paper, the MAD is computed by following measure [23]. 
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Where n is the number of data. iY  and iYˆ are actual and pre-

dicted values. The smaller the value, the better the performance of 

the model. We found the median and mean values of MAD of 

Group 1 is the smallest.  So we knew that the IPC codes of G06K, 

H04N, G10L, G06T, and A61B explain the IPC code of G06F. Fig. 

3 shows the plots between actual and predicted values. 
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Fig. 3: Visualization of fitted models of four groups. 

 

Most of the actual values are near 0 and the deviation of predic-

tions for these values is the largest. This phenomenon was more 

pronounced in groups 3 and 4 than in groups 1 and 2. This is be-

cause most of the frequency values of the extracted IPC code data 

are zero. So, the zero-inflated problem should be solved to per-

form technology analysis using patent data. According to the fitted 

model of Bayesian inference for neural networks according to Fig. 

2, we can construct the technology analysis model for R&D plan-

ning in management of technology area. We also confirmed the 

performance and problem of the proposed method in Table 1 and 

Fig. 3. 

5. Conclusion  

We studied on a technology analysis model for AI field using 

Bayesian inference for neural networks. Bayesian learning, in 

which the model is updated by the added data, has become an 

efficient approach to technology analysis because the technique 

changes over time. In addition, we applied the Bayesian learning 

to multilayer perceptron, one of popular neural networks. From 

the result of our proposed method, we can make the R&D strategy 

for management of technology. So, this research contributes to the 

intellectual property based R&D planning. But, we also found the 

zero-inflated problem in our technology analysis based on the IPC 

codes extracted from patent documents. Therefore, in our future 

study, we will make more advanced models to overcome the prob-

lem in technology analysis. 
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