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Abstract 
 

In the midst of dynamic industrial changes, companies need data analysis considering the 
effects of integration of various technologies in order to establish innovative R & D strategies.  
However, the existing technology forecasting model evaluates individual technologies 

without considering relationship among them. To improve this problem, this study suggests a 
new methodology reflecting the integration of technologies. In the study, a technology 
forecasting indicator was developed using the technology integration index based on social 
network analysis. In order to verify the validity of the proposed methodology, ‘drone task 
performance technology’ based on patent data was applied to the research model.  
This study aimed to establish a theoretical basis to design a research model that reflects the 

degree of integration of technologies when conducting technology forecasting research. In 
addition, this study is meaningful in that it quantitatively verified the proposed methodology 
using actual patent data. 
 
Keywords: Technology forecasting, Integration of technologies, Social network analysis, 
Technology growth model, UAV 
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1. Introduction 

In today's intense global competition, companies consistently invest in technological 
innovation. In order to efficiently use R&D costs for technological innovation, interest in and 
demand for technology forecasting based on objective data analysis are increasing [1]. In 
particular, in industries where technological environments are rapidly changing, studies that 
apply dynamic methodologies that reflect the characteristics of industries to the analysis and 
forecasting of technological competence have been carried out previously [2,3], and even 
studies at the stage of applying dynamic methodologies to the prediction of the diffusion of 
new products have been conducted [4].  
However, studies that apply dynamic methods to technology forecasting currently remain at 

the level of forecasting of individual technologies, and technology forecasting considering the 
effect of technological integration and the relationships between various technologies cannot 
be found despite the importance of such technology forecasting. In reality, however, most 
technological innovations of companies occur thanks to technology integration and technology 
overlap [5]. When associations among technologies are stronger, technology integration 
(merger) occurs more frequently, and industries evolve thanks to the integration of related 
fields based on converged or integrated technologies and the rapid growth of the core elements 
that constitute products [5]. Therefore, for technology evaluation and technology forecasting, 
the relationships among technologies such as technology integration should be considered 
indispensable [6]. Although studies that analyze the characteristics of technology integration 
using patent data have been conducted recently [7,8,9,10,11,12,13,14,15], no studies that 
reflect the matter of technology integration in technology forecasting have been conducted to 
the best of this researcher’s knowledge. 
The main contributions of this study regarding technology forecasting, application of 

technology integration are as follows. 
 For more effective technology forecasting, we design a new technology forecasting 

method that reflects the Social Network Analysis-based technology integration index. 
 To verify the effectiveness of the proposed method, experiments were conducted to 

compare the predictive power of the proposed method and existing method. Compared 
with two methods, it was found that the proposed method is more suitable for technology 
forecasting. 

As shown in Fig. 1, a technology forecasting indicator that measured the degree of 
technology integration using social network analysis (SNA) based on patent data was 
developed. In order to verify the validity of the study, actual patent data related to “drone 
technology” were used as the data for calculating the technology forecasting indicator. 
 

 

           
Fig. 1. Technology forecasting indicator that reflects the relationships among technologies 



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 17, NO. 1, January 2023               33 

2. Theoretical background and related studies 

2.1 Technology integration  
The integration of technologies refers to the act of combining many technologies horizontally 

and vertically to perform a certain function [16]. That is, using technologies from multiple 
fields to solve a single technical problem in cases where the problem cannot be solved with 
technologies in one field is called the integration of technologies. Therefore, technology 
integration can be defined as a method of selecting and refining the technologies necessary to 
make new products, processes, or services [17]. 
Technology fusion is a concept similar to technology integration. Both concepts explain the 

phenomenon of technology overlap. Whereas the properties of individual element 
technologies are preserved in the outcomes of technology integration, the properties of 
individual element technologies may be changed in the outcomes of technology fusion. In 
addition, as for the functions of products, whereas expected new functions are created in the 
case of technology integration, unexpected new functions may be created in the case of 
technology fusion. Fig. 2 briefly describes the outcomes of technology integration and 
technology fusion. Character of technical elements may be changed after technology 
fusion(the thick line in the picture on the left), whereas it remains the same after technology 
integration(the dashed line in the picture on the right) [18]. 

 

 
Fig. 2. Comparison of the processes of technology integration and technology fusion. Source:[18] 

 
Kodama noted that new products or services are created through a combination of 

heterogeneous technologies. He came to have this recognition from numerous mechatronic 
products created by the combination of mechanical and electronic technologies [19]. Fleming 
et al. said that technological advancements are made through the process of technology 
integration between existing and new technologies, and conducted empirical analysis based 
on patent data [20].   

2.2. Social network analysis (SNA)-based patent analysis  
Social network analysis is a formal theory that defines and analyzes relationships between 

individuals or organizations. It is used to measure and visualize the directionality and intensity 
of existing associative relationships among components to identify the relationships among 
individual elements or the characteristics of the elements [21]. Kim, H. W., Kim, J. C., Lee, J. 
H., Park, S. S. and Jang, D. S published a study that applied social network analysis to the 
technology classification information and IPC codes, which are classification codes, currently 
contained in patent documents to explore the fields of R&D and technologies [10]. 
The fact that a patent simultaneously belongs to multiple classification codes means that 

relationships among the relevant technological domains occurred through the relevant patent. 
Patent co-classification analysis uses the patent information that has such relationships to 
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identify the relationships among technological domains and analyzes knowledge flows within 
the technological domains using patent information with such relationships [11]. The 
International Patent Classification (IPC) is used for patent co-classification analysis. IPC codes 
are often used to study the technology portfolios of certain industries or companies because 
they can distinguish technologies and reveal the characteristics of technologies [22]. 
Derek, J. conducted a study that became the beginning of knowledge network analysis using 

bibliographic information such as patents. He revealed the characteristics of citations for the 
first time using the reference information of papers published for one year, and thereafter, 
studies that collected certain patent data related to the technology field to combine patent 
citation information and social network analysis have been published. Kim, J. W., Jeong, B. K. 
and Yoon, J. H. analyzed the technology development levels using social network analysis and 
technology growth models for augmented reality technology-related patent data. Geum, Y., 
Kim, C., Lee, S. and Kim, M. collected patent data to measure the level of concentration and 
scope of technology fusion between biotechnology (BT) and information technology (IT) 
based on social network analysis [7].  Park et al. selected Building Information Modeling as 
a technology to be analyzed, and checked the speed of technology transfer and identified main 
technologies with patent citation network analysis [13]. In addition, there are cases where the 
intermediation of patents for 5G mobile communication technologies was studied using a 
social network analysis methodology in order to quantitatively measure the pattern of open 
innovation of the relevant technologies [14]. Hsu et al. investigated the evolution of biomass 
fermentation, an important part of hydrogen production, through patent exploration and 
citations and also investigated the driving force of the technology [15]. 

Meanwhile, studies intended to reveal the relationship between the development of patented 
technologies or relationships among technologies and industrial growth or companies based 
on patent data are also being conducted. Weng et al. constructed citation networks for 
individual pieces of literature using insurance business-related patent data to analyze the 
structural equivalence of technologies and argued that inventions are nodes and links are 
networks that are evolving, in which nodes are tied together to trigger mutual inventions [23]. 
Zhou et al. conducted a study that constructed a patent-based knowledge network structure 
with wind turbine engine manufacturing companies to analyze leading knowledge-based 
companies [24]. In addition, Sun, H., Geng. Y., Hu, L., Shi, L. and Xu, T. analyzed new energy 
vehicle-related patents in China using a social network analysis methodology. With this 
analysis, they investigated the growth stage of the new energy vehicle industry and the network 
density, and based on the results, they identified that relevant patents related to cooperation 
networks were gradually developing.  

 

2.3 Technology growth model  
Since the level of technology and the degree of diffusion change over time, time-series 

analysis is limited when only static evaluation methods are used. Therefore, studies that use 
the technology growth model to grasp the movement of technological changes over time are 
active [25,26]. 
The technology growth model is a sort of representative sigmoid function and is an analytical 

model developed from empirical studies that indicates that increases in the number of living 
organisms form S-shaped curves. Recently, studies that use changes in the number of patents 
over time to analyze the life cycles and growth stages of technologies have been conducted[11]. 
Ernst argued that as R&D is accumulated, patent applications, which are the results of R&D, 
will increase along an S-shaped curve [27]. By estimating trends, changes in the newest 
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technologies such as mobile broadband, synthetic fiber, personal digital assistant technology, 
or CRISPR can be predicted [3, 28, 29]. 
Technology growth curves can be divided into four steps, as shown in Fig. 3 [30]. 

Technologies develop at relatively high speed from the step of introduction to the step of 
growth. On the other hand, from the step of expansion after reaching the inflection point, the 
speed of technology development becomes slow and then the technologies ultimately reach 
their peak when they have reached the step of maturity. The peak is defined as the ultimate 
technology level [1]. 

 

 
Fig. 3. Technology growth curve and life cycle 

3. Proposed methodology 

3.1 Proposal of indicator for technology forecasting 
3.1.1 Introduction of variables that constitute the indicator 
This study derives 𝑇𝑇𝑖𝑖,𝑛𝑛 (the technology forecasting indicator), which is a new technology 

forecasting indicator that enables the understanding of the level of technology in year i, with 
the combination of 𝑡𝑡𝑖𝑖,𝑛𝑛(technology), which means the sum of individual technology elements 
that constitute the nth technology cluster in year i and 𝐼𝐼𝐼𝐼𝑇𝑇𝑖𝑖,𝑛𝑛 , which is the degree of 
technology integration. Variables 𝐼𝐼𝐼𝐼𝑇𝑇𝑖𝑖,𝑛𝑛 and 𝑇𝑇𝑖𝑖,𝑛𝑛  are new variables that reflect the 
perspective of technology integration in technology forecasting. Table 1 shows studies that 
have similar formulas and concepts connected to each variable.  
 

Table 1. Definition of variables that constitute the indicator 
Variable (name)  Definition of variable Reference 

𝐼𝐼𝐼𝐼𝑇𝑇𝑖𝑖,𝑛𝑛 
(degree of technology integration) 

Value obtained by measuring the degree of 
integration between technologies 

[11, 31-34] 

𝑡𝑡𝑖𝑖,𝑛𝑛 
(sum of individual technology elements) 

Sum of nth technology element in year i [10, 15, 35] 

𝑇𝑇𝑖𝑖,𝑛𝑛 
(technology forecasting indicator) 

New technology forecasting indicator that 
enables the understanding of technology trends 
and reflects the degree of technology integration 

[1,2,30,35] 
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3.1.2 Sum of individual technology elements (𝒕𝒕𝒊𝒊,𝒏𝒏) 
For technology forecasting, technologies should be classified considering their 

characteristics, and the classified sub-technologies can be called technology clusters [36]. If 
the trends of technologies by the classified technology cluster are grasped and 
comprehensively calculated, technology levels can be assessed [2]. Table 2 shows an example 
of the classification of 3D printing technologies. Here, 𝑡𝑡𝑖𝑖,𝑛𝑛, which is the sum of individual 
technology elements in year i that constitutes each technology cluster, becomes basic data for 
technology forecasting.  

 
Table 2. Classification of 3D printing technologies 

Target technology Technology cluster(sub-technology) 

3D printing technology 

Process technology 

Materials and processing technology 

Application and service technology 
             Source: Institute for Information and Communications Technology Promotion(2018) 
 

3.1.3 Degree of technical integration (𝑰𝑰𝑰𝑰𝑰𝑰𝒊𝒊,𝒏𝒏) 
Patent co-classification analysis is possible because multiple IPC codes are assigned to each 

patent document in general so that the technologies can be classified by IPC code. In this study, 
taking note of the fact that links exist between IPC codes, each IPC code was considered a 
node of the network, and each integration between technologies was considered a link, which 
is a connection between nodes. That is, as shown in Fig. 4, the patented technologies classified 
by patent document numbers were reconstructed as  network connections between IPC codes 
using the social network analysis methodology to determine the integrations between 
technologies [11,37,38,39]. Cyram Co.’s NetMiner 4 was used as a tool for social network 
analysis.  

 
Patent application 

number  
Main IPC  IPC IPC IPC 

15/019551 B64 G07 G08 H04 
15/186215 G05 B64 H04 G08 
14/866719 G01 B64 G05 - 

 

 
Fig. 4. Process of construction of patent co-classification analysis network 
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 𝐼𝐼𝐼𝐼𝑇𝑇𝑖𝑖,𝑛𝑛 (Integration Within a Technology cluster) refers to the degree of technology 
integration within the nth technology cluster in year i and is calculated using inclusiveness, one 
of the indicators of social network analysis. Inclusiveness is defined as the ratio of the total 
number of nodes included in the network to the total number of nodes, minus the number of 
nodes not connected (isolated nodes). When the structure of network technology networks 
such as patents cohere, mutual exchanges between technologies become active, leading to the 
development of technologies [11,31]. Inclusiveness is an indicator that can show the coherence 
of networks, and higher inclusiveness means more interrelations between nodes [31]. That is, 
since higher inclusiveness can be judged to be associated with higher levels of information 
sharing or mutual exchanges among nodes, inclusiveness is used as an indicator to grasp 
connection structures or the degree of integration of the networks [40,41]. 
In this study, IPC codes that are not connected, such as nodes H01 and B29 in Fig. 5, were 

judged to have no effect on connected IPC codes. Therefore, such IPC codes were assumed to 
not be relevant to the calculation of the degree of technology integration for the development 
of technologies. A formula for the degree of technology integration using inclusiveness is 
written as shown in Equation (1), where 𝐼𝐼𝑖𝑖,𝑛𝑛 refers to the degree of technology integration of 
the nth technology in i, 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 refers to the total number of all IPC codes, which corresponds 
to the entire nodes, and 𝑁𝑁𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 refers to the number of IPC codes that are not connected.  
  

     𝐼𝐼𝑖𝑖,𝑛𝑛 = 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡− 𝑁𝑁𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖
𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

  (1) 

 
Fig. 5. Example of patent co-classification networks 

 

3.1.4 Formula for calculating technology forecast indicator (𝑰𝑰𝒊𝒊,𝒏𝒏) 

This study goes through an intermediate process for calculation of the technology forecasting 
indicator as shown in Equation (2). 𝑃𝑃𝑖𝑖,𝑛𝑛 refers to the cumulative number of patents up to year 
i of the nth technology cluster. The numbers of patents are often used as an indicator for 
technology analysis or technology forecasting because of the ease of collection of relevant 
data [42,43]. However, there have been arguments that new indexes should be developed in 
addition to the existing patent indices, such as the number of patents, to conduct patent analysis 
from various perspectives [44,45,46,47,48]. 
Therefore, this study devises a technology forecasting indicator using �́�𝑃𝑖𝑖,𝑛𝑛 , which is the 

cumulative number of patents modified by calculating the degree of integration of patent 
technologies in the technology cluster. 𝑇𝑇𝑖𝑖,𝑛𝑛 , which is the technology forecasting indicator 
considering the degree of technology  integration, is calculated by Equation (3), which has 
undergone logarithmic scaling considering rapid increases in numerical values after 
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calculating Equation (2) [35,48]. 𝑇𝑇𝑖𝑖,𝑛𝑛  has the effect of correcting the existing number of 
patents with the value of the degree of technology integration.  
 

  �́�𝑃𝑖𝑖,𝑛𝑛 =  𝐼𝐼𝐼𝐼𝑇𝑇𝑖𝑖,𝑛𝑛  ×  𝑃𝑃𝑖𝑖,𝑛𝑛     (2) 

𝑇𝑇𝑖𝑖,𝑛𝑛 =  ln ��́�𝑃𝑖𝑖,𝑛𝑛
𝑃𝑃𝑖𝑖,𝑛𝑛

�           (3) 

3.2 Validity verification 

3.2.1 Model estimation  
In order to determine whether the proposed forecasting indicator can actually be used, patent 

data related to “drone technology” were entered into the indicator to estimate technology 
growth models. The Logistic model and Gompertz model were used as the technology growth 
models, and the proposed technology forecast indicator was substituted into the models as a 
dependent variable to estimate the models [26,30]. In addition, the cumulative number of 
patents by year (𝑃𝑃𝑖𝑖,𝑛𝑛), which is an existing forecasting indicator, was substituted into the 
models to estimate the models, and comparative analysis was conducted.      

Nonlinear least squares methods were used for model estimation [49], and STATA 16 was 
used as a tool for analysis [50]. Equation (4) is for logistic models, and Equation (5) is for 
Gompertz models. Independent variable �́�𝚤 is the modified values of the years of application 
of patents by adjusting the year of start of patent application (1980) to 1. The models use the 
technology forecasting indicator as a dependent variable. 𝐿𝐿𝑛𝑛 in Equation (4) and (5) are the 
values of the ultimate technology levels obtained through model estimation. When calculating 
the value of the technology level at a certain time point, the value of the technology forecasting 
indicator is divided by 𝐿𝐿𝑛𝑛 and the result is indicated as �́�𝑇𝑖𝑖,𝑛𝑛. 
Thereafter, the parameters(𝐿𝐿𝑛𝑛, 𝛼𝛼𝑛𝑛, 𝛽𝛽𝑛𝑛) of equations for the logistic model and the Gompertz 

model are estimated by the nonlinear least squares method. The p values of the parameters 
used to estimate each model are identified at a significance level of 5%. Whether the 
technology forecasting indicator proposed in this study is suitable as a dependent variable of 
the technology growth models is judged based on the results of the identification. 
 

                    𝑇𝑇𝑖𝑖,𝑛𝑛 =  𝐿𝐿𝑛𝑛 /  �1 + 𝑒𝑒𝑒𝑒𝑒𝑒�−𝛼𝛼𝑛𝑛 × (�́�𝚤 −  𝛽𝛽𝑛𝑛)��    (4) 

 𝑇𝑇𝑖𝑖,𝑛𝑛 =  𝐿𝐿𝑛𝑛  × 𝑒𝑒𝑒𝑒𝑒𝑒 �−𝑒𝑒𝑒𝑒𝑒𝑒�−𝛼𝛼𝑛𝑛 × (�́�𝚤 −  𝛽𝛽𝑛𝑛)�� (5) 
 

3.2.2 Verification of the model fit of the proposed indicators by comparing 
predictive power  
Mean absolute percentage error (MAPE) [51,52,53], mean absolute error (MAE), mean 

squared error (MSE) and root mean squared error (RMSE) were used to verify the goodness 
of fit of the models [51]. The excellence of the predictive power of the proposed technology 
forecasting indicator is identified by comparing the sizes of the values obtained when the 
existing numbers of patents and the proposed technology forecasting indicator are substituted 
into individual indicators. When estimating the models, the differences between the calculated 
predicted values and the actual observed values were used to calculate the values of predictive 
power. The calculation formulas for individual indicators are as shown in Table 3.  
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Table 3. Model fit measuring indicators 
Indicator Formula 

Mean Absolute Percentage Error  
(MAPE) 

𝑀𝑀𝑀𝑀𝑃𝑃𝑀𝑀 =  
𝑖𝑖
𝑣𝑣
� �

𝑦𝑦𝑘𝑘 − 𝑦𝑦�𝑘𝑘
𝑦𝑦𝑘𝑘

�
𝑣𝑣

𝑘𝑘=1

 × 100 

Mean Absolute Error  
(MAE) 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
𝑖𝑖
𝑣𝑣
�|𝑦𝑦𝑘𝑘 − 𝑦𝑦�𝑘𝑘|
𝑣𝑣

𝑘𝑘=1

 

Mean Squared Error  
(MSE) 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
𝑖𝑖
𝑣𝑣
�(𝑦𝑦𝑘𝑘 − 𝑦𝑦�𝑘𝑘)2
𝑣𝑣

𝑘𝑘=1

 

Root Mean Squared Error  
(RMSE) 𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 =  �

∑ (𝑦𝑦𝑘𝑘 − 𝑦𝑦�𝑘𝑘)2𝑣𝑣
𝑘𝑘=1

𝑣𝑣
 

 𝑦𝑦𝑘𝑘= predicted value,  𝑦𝑦�𝑘𝑘= actually observed value,  𝑣𝑣= number of variables 

4. Experiment results and analysis 

4.1 Experimental data  

4.1.1 Technology classification and descriptive statistics 
This study utilized drone technology-related patent data to verify technology forecasting 

methodologies including the proposed technology forecasting indicator. Technologies were 
classified as shown in Table 4 referring to the drone technology classification of the South 
Korean civil-military technology cooperation project [54], and patent data for each technology 
were collected. Under the patent search conditions, 1,799 registered patent documents in the 
United States for 38 years (1980 to 2017) were downloaded from the Wipson database. 
Thereafter, a total of 1,494 cases were selected as experimental data through a data 
preprocessing process. 

Patents belonging to technology cluster 1 include patents for parts of motors, etc. that affect 
flight capability, and patents related to component parts such as manipulating arms for fine 
work. Patents constituting technology cluster 2 include patents related to controllers, sensors, 
and transmission systems that belong to the base system that supports drone takeoff and 
landing, and patents for component parts for stable takeoff and landing, such as landing gears. 
Finally, technology cluster 3 includes technologies related to charging such as technologies 
that support charging of power necessary for drone flying or systems that analyze a drone's 
remaining power for flight and designate charging bases.  
 

Table 4. Details of experiment data 

Technology  Technology cluster (sub-technology)  Number of 
patents (cases) 

Drone  task 
performance 
technology  

Technology cluster 1  
High-precision manipulation technology for drone task 

performance 
817 

Technology cluster 2  
Precise drone takeoff and landing technology 484 
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Technology cluster 3  
Drone charging technology  193 

Total 1,494 

 

4.2 Result of technology forecasting 
�́�𝑃𝑖𝑖,𝑛𝑛, which reflects the degree of technology integration, is calculated using the cumulative 

numbers of patents by year and the calculated 𝐼𝐼𝐼𝐼𝑇𝑇𝑖𝑖,𝑛𝑛  as shown in Equation (2) and a 
logarithmic scaled [36,48] technology forecasting indicator (𝑇𝑇𝑖𝑖,𝑛𝑛) is calculated considering 
rapid changes in the numerical value of �́�𝑃𝑖𝑖,𝑛𝑛 . Thereafter, the values of 𝑇𝑇𝑖𝑖,𝑛𝑛  by year are 
substituted into the Logistic model and Gompertz model, which are technology growth models, 
by technology cluster as shown in Equation (4) and (5), and the parameters (𝐿𝐿𝑛𝑛, 𝛼𝛼𝑛𝑛, 𝛽𝛽𝑛𝑛) of 
the models are estimated. If the results of estimation of parameters are statistically significant, 
technology forecasting is possible. It can be seen that, over time, individual technologies reach 
the ultimate levels of technologies to show S-curves and reach saturated conditions. 
Table 5 shows the results of logistic model estimation of technology cluster 1, and Table 6 

shows the results of Gompertz model estimation of technology cluster 1. It can be confirmed 
that the parameters(𝐿𝐿1, 𝛼𝛼1, 𝛽𝛽1) are statistically significant at the 5% level in both technology 
growth models. Therefore, the proposed technology forecasting indicator can be used for 
technology forecasting because it is suitable for the technology growth models. For your 
reference, on reviewing changes in technologies in 2017 based on the Logistic model, it can 
be seen that 2017 belongs to the growth step because the level of technologies is 73% 
compared to the ultimate level of technologies.  
 Table 7 shows the results of logistic model estimation of technology cluster 2. It is found 
that all parameters(𝐿𝐿2 , 𝛼𝛼2 , 𝛽𝛽2) are statistically significant at the 5% level. However, the 
results of the Gompertz model estimation in Table 8 show that the parameter 𝐿𝐿2  is not 
statistically significant at the 5% level. Therefore, based on the results of the proposed 
technology forecasting of technology cluster 2, only the results obtained from the logistic 
model are valid. For your reference, on reviewing changes in technologies in 2017 based on 
the Logistic model, it can be seen that 2017 belongs to the growth step because the level of 
technologies is 57% compared to the ultimate level of technologies.  

Table 9 and Table 10 are the results of model estimation of technology cluster 3. It is found 
that all the parameters(𝐿𝐿3, 𝛼𝛼3, 𝛽𝛽3) are statistically significant at the 5% level in the case of 
both technology growth models. For your reference, on reviewing changes in technologies in 
2017 based on the Logistic model, it can be seen that 2017 belongs to the growth step because 
the level of technologies is 66% compared to the ultimate level of technologies. 

By substituting �́�𝑇𝑖𝑖,𝑛𝑛, which is each calculated technology forecasting indicator, into Equation 
(6), the resultant general level of technologies for a certain year can be calculated. After scaling 
each �́�𝑇𝑖𝑖,𝑛𝑛 to (0, 1), the average is calculated for the results of assessment of the general level 
of technologies, as shown in Equation (6). According to the results of calculation, the level of 
“drone task performance technology” in 2017 is 0.657, which means the relative technology 
level when the final ultimate technology was set to 1. That is, the current level of drone task 
performance-related technologies is about 65.7% of the ultimate level, indicating that the 
technologies are at the growth stage. 

  𝑇𝑇𝐼𝐼2017 = 1
3
�
0.735
0.570
0.667

� = 0.657    (6) 
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Table 5. Results of technology growth model estimation of technology cluster 1 (Logistic model) 
Number of 

observations 𝑅𝑅2 Parameter Estimated 
value 

Standard 
deviation P-value 

38 0.996 

 𝐿𝐿1 9.0633 0.784 0.000** 

 𝛼𝛼1 0.098 0.007 0.000** 

𝛽𝛽1 28.701 1.931 0.000** 

 

 
Results of technology forecasting 

(2017) 
 �́�𝑇2017,1= 𝑇𝑇2017,1/𝐿𝐿1= 73.490%(6.661/9.063) 

**means that it is significant within the significance level of 5% 
 

Table 6. Results of technology growth model estimation of technology cluster 1 (Gompertz model) 
Number of 

observations 𝑅𝑅2 Parameter Estimated 
value 

Standard 
deviation P-value 

38 0.997 
 𝐿𝐿1 15.681 2.839 0.000** 
𝛼𝛼1 0.038 0.005 0.000** 
𝛽𝛽1 34.488 4.638 0.000** 

 

 
Results of technology 

forecasting (2017) �́�𝑇2017,1= 𝑇𝑇2017,1/𝐿𝐿1= 42.476%(6.661/15.681) 
**means that it is significant within the significance level of 5% 
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Table 7. Results of technology growth model estimation of technology cluster 2 (Logistic model) 
Number of 

observations 𝑅𝑅2 Parameter Estimated 
value 

Standard 
deviation P-value 

38 0.995 

𝐿𝐿2 9.573 1.502 0.000** 

𝛼𝛼2 0.086 0.007 0.000** 

𝛽𝛽2 34.347 3.599 0.000** 

 

 
Results of technology forecasting 

(2017) �́�𝑇2017,2= 𝑇𝑇2017,2/𝐿𝐿2=57.046%(5.461/9.573) 
**means that it is significant within the significance level of 5% 

 
Table 8. Results of technology growth model estimation of technology cluster 2 (Gompertz model) 

Number of 
observations 𝑅𝑅2 Parameter Estimated 

value 
Standard 
deviation P-value 

38 0.995 

𝐿𝐿2 29.930 15.883 0.068 

𝛼𝛼2 0.025 0.006 0.000** 

𝛽𝛽2 59.107 17.307 0.002** 

 

 
Results of technology 

forecasting (2017) 
Not calculated (𝐿𝐿2is not statistically significant) 

**means that it is significant within the significance level of 5% 
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Table 9. Results of technology growth model estimation of technology cluster 3 (Logistic model) 

Number of 
observations 𝑅𝑅2 Parameter Estimated 

value 
Standard 
deviation P-value 

38 0.993 

𝐿𝐿3 7.811 1.180 0.000** 

𝛼𝛼3 0.098 0.009 0.000** 

𝛽𝛽3 32.476 3.181 0.000** 

 

 
Results of technology 

forecasting (2017)  �́�𝑇2017,3= 𝑇𝑇2017,3/𝐿𝐿3= 66.661%(5.207/7.811) 
**means that it is significant within the significance level of 5% 

 
Table 10. Results of technology growth model estimation of technology cluster 3 (Gompertz model) 

Number of 
observations 𝑅𝑅2 Parameter Estimated 

value 
Standard 
deviation P-value 

38 0.993 

𝐿𝐿3 15.673 5.041 0.004** 

𝛼𝛼3 0.035 0.006 0.000** 

𝛽𝛽3 42.121 8.431 0.000** 

 

 
Results of technology 

forecasting (2017) �́�𝑇2017,3= 𝑇𝑇2017,3/𝐿𝐿3=66.225%(5.207/15.673) 
**means that it is significant within the significance level of 5% 
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4.3 Validity verification  

4.3.1 Verification of the goodness of fit of the models  
The model estimation results of the technology growth models using the technology 

forecasting indicator proposed in this study and the technology growth model using the 
existing indicators were compared. As shown in Table 11, it was confirmed that the 
parameters of both the existing and proposed indicators were statistically significant except 
for 𝐿𝐿2 , which is the parameter of the Gompertz model when the proposed technology 
forecasting indicator was input to the model. Therefore, it can be judged that the proposed 
technology forecasting indicator can be used for technology forecasting based on the 
technology growth model. 

 
Table 11. The goodness of fit of the models 

Technology 
cluster 

Technology 
forecasting 

indicator  
Parameter  

P-value 

Logistics 
model 

Gompertz 
model 

1 

Proposed 
technology 
forecasting  

indicators (𝑇𝑇𝑖𝑖,1) 

𝐿𝐿1 0.000** 0.000** 

𝛼𝛼1 0.000** 0.000** 

𝛽𝛽1 0.000** 0.000** 

Existing 
Cumulative 

number of patents 
(𝑃𝑃𝑖𝑖,1) 

𝐿𝐿1 0.000** 0.017** 

𝛼𝛼1 0.000** 0.000** 

𝛽𝛽1 0.000** 0.007** 

2 

Proposed 
technology 
forecasting  

indicators (𝑇𝑇𝑖𝑖,2) 

𝐿𝐿2 0.000** 0.068 

𝛼𝛼2 0.000** 0.000** 

𝛽𝛽2 0.000** 0.000** 

Existing 
Cumulative 

number of patents 
(𝑃𝑃𝑖𝑖,2) 

𝐿𝐿2 0.000** 0.002** 

𝛼𝛼2 0.000** 0.000** 

𝛽𝛽2 0.000** 0.000** 

3 

Proposed 
technology 
forecasting  

indicators (𝑇𝑇𝑖𝑖,3) 

𝐿𝐿3 0.000** 0.000** 

𝛼𝛼3 0.000** 0.000** 

𝛽𝛽3 0.000** 0.000** 

Existing 
Cumulative 

number of patents 
(𝑃𝑃𝑖𝑖,3) 

𝐿𝐿3 0.004** 0.002** 

𝛼𝛼3 0.000** 0.000** 

𝛽𝛽3 0.000** 0.000** 
**means that it is significant within the significance level of 5% 
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4.3.2 Comparison of predictive power 
The excellence of predictive power was compared between the existing cumulative numbers 

of patents(𝑃𝑃𝑖𝑖 ,𝑛𝑛) and the proposed technology forecasting indicator to verify the validity of the 
proposed indicator. Four predictive power comparison indicators were used to compare 
predictive power, and the predictive power of the indicators with smaller values was judged 
to be more excellent. As shown in Table 12, The proposed technology forecasting 
indicator(𝑰𝑰𝒊𝒊,𝒏𝒏) had better predictive power than the existing indicator(𝑷𝑷𝒊𝒊,𝒏𝒏) in 22 out of 24 
cases.  

 
Table 12. Comparison of predictive power 

Technology 
cluster 

Technology 
growth 
model  

Comparison of 
predictive power  

Existing 
Cumulative 

number of patents 
(𝑃𝑃𝑖𝑖,𝑛𝑛) 

Proposed 
technology 
forecasting  
indicators 

(𝑇𝑇𝑖𝑖,𝑛𝑛) 

Results of 
comparison 

1 

Logistic 

MAPE 0.078 0.054 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MAE 0.220 0.160 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MSE 0.106 0.049 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

RMSE 0.325 0.222 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

Gompertz 

MAPE 0.078 0.057 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MAE 0.215 0.145 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MSE 0.095 0.038 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

RMSE 0.309 0.195 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

2 

Logistic 

MAPE 0.074 0.068 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MAE 0.208 0.150 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MSE 0.085 0.040 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

RMSE 0.292 0.201 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

Gompertz 

MAPE 0.071 0.071 - 

MAE 0.194 0.151 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MSE 0.070 0.040 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

RMSE 0.264 0.199 𝑃𝑃𝑖𝑖 ,𝑛𝑛 Excellent 

3 

Logistic 

MAPE 0.087 0.130 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MAE 0.214 0.176 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MSE 0.074 0.045 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

RMSE 0.271 0.213 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

Gompertz 

MAPE 0.079 0.112 𝑃𝑃𝑖𝑖 ,𝑛𝑛 Excellent 

MAE 0.199 0.160 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

MSE 0.062 0.035 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 

RMSE 0.249 0.188 𝑇𝑇𝑖𝑖,𝑛𝑛 Excellent 
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4.4 Results of analysis  
In this chapter, an empirical analyses was conducted using actual “drone task performance 

technology” patent data to understand the trend of drone technologies. In order to verify the 
validity of the technology forecasting indicator proposed in this study, two verification were 
carried out. 

➀ Existing technology forecasting indicator and the indicator proposed in this study were 
respectively applied into the technology growth model. After that, the model estimation 
results were compared. We found that the proposed indicator was identified to be suitable for 
model estimation except one parameter in Gompertz model. 

 
② The predictive power of the previously used indicator and the indicator proposed in this 

study ware compared. It was identified that the predictive power of the proposed method was 
more excellent in many results of comparison of predictive power(22 cases out of 24 cases). 
 
Summarizing the analysis results, it can be concluded that the proposed method in this study, 

which reflects the degree of technology integration, is more suitable for technology forecasting 
than the existing method using only the cumulative number of patents. 

5. Conclusion 
With a view to improving the limitations of existing technology forecasting, this study 

proposed a technology forecasting methodology that can reflect the degree of technology 
integration considering the relationship between technologies based on patent data. Social 
network analysis, which enables easy understanding of the relationships between technologies, 
was used to measure the degree of technology integration. The significances of this study are 
as follows. First, this study established  a theoretical basis for research models that reflect the 
degree of technology integration based on Social Network Analysis. Second, this study 
quantitatively verified the proposed methodology using actual patent data. Since this study 
utilized quantitative data, the technology forecasting indicator or formulas, which belong to 
the research models, were verified from various angles with model estimation and comparison 
of predictive power. 
On the other hand, there are some limitations in the study. First, for more sophisticated 

technology forecasting, verification using datasets from other technology fields besides drone 
technology is required. Second, from the point of view of policy implementation, it is 
necessary to analyze its cost-effectiveness in future research. 
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