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a b s t r a c t 

In the past, most historical research has been manually carried out by exploring historical facts reading 

between the lines of documents. Nowadays, historical big data has become electronically available and 

advances in machine learning techniques allow us to analyze the vast amount of historical data. From 

a historical perspective, making inferences about political stances of historical figures is important for 

grasping historical rivalries and power structures of an era. Thus, in this paper, we propose an approach 

to the systematic inference of power mechanisms based on a human network constructed from historical 

data. In this network, humans are linked according to the degree of kinship using genealogy records, and 

identified by political stances on agendas recorded in the annals of a dynasty as a political force. And 

then, a machine learning algorithm, semi-supervised learning, classifies humans who cannot identify po- 

litical stances as political forces that reflect the links of the networks. The data consist of the genealogy 

of the Andong Gwon clan, a record of family relations of 10,243 people from the 10th to 15th century Ko- 

rea, and the Annals of the Joseon Dynasty, a historical volume that describes historical facts of the Joseon 

Dynasty for 472 years and is composed of 1894 fascicles and 888 books. From the data, we construct 

a human network based on a historically meaningful period (1443–1488), and classify people into two 

political forces using the proposed method. We suggest that this machine learning approach to historical 

study could be utilized as a potent reference tool devoid of the subjectivism of human experts in the 

field of history. 

© 2018 The Author(s). Published by Elsevier Ltd. 

This is an open access article under the CC BY-NC-ND license. 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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. Introduction 

Throughout the recent decade, machine learning has pervaded

arious fields of study including economics, sociology, political sci-

nce, natural science, and medical science. These incorporations

f machine learning have received much attention due to their

uccessful blend of research and the potential for innovative de-

elopments in these fields ( Qiu, Wu, Ding, Xu, & Feng, 2016;

harma, Agrawal, Agarwal, & Sharma, 2013; Singh, Bhatia, & Sang-

an, 2007 ). Nowadays, it is difficult to find an area of study that

oes not incorporate machine learning. In contrast, it is uncom-

on to observe the utilization of machine learning in the field of

istory because of its strong rigidity and the high barriers to en-

ry in the domain. In recent years, however, there has been an in-

rease in the digitalization and availability of historical data ( Lee,

010, 2016a, 2016b; Manabe, 1999; Manoff, 2010 ). This has begun
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o lead to initiative attempts at research based on machine learn-

ng in the field of history. 

Stretching beyond simple descriptive statistics, Bak and

h (2015) applied a machine learning technique called topic mod-

ling to the annals of a certain dynasty in Korean history in order

o determine the inclinations of kings for agendas on various po-

itical topics. Whereas, there exists an attempt to visualize histori-

al data using machine learning techniques ( Liu, Dai, Wang, Zhou,

 Qu, 2017 ). The authors proposed a visual analytical system for

hinese genealogical data ( Lee & Campbell, 2010 ), which is hier-

rchical, spatiotemporal, and multidimensional. This system helps

mprove the feedback from domain experts for the historical lit-

rature and helps users understand the structure and contents of

hinese history. 

These studies focus on the exploration or description of past

istorical facts, assisting historians to view historical records from

 comprehensive perspective. On the contrary, another objective

hat is key for research in history is inference on historical facts. In

articular, inferring the power mechanism in a specific era helps

istorian to take a close look at the power structure, that is, the

asic principle of implementation of political decision-making in
under the CC BY-NC-ND license. 

https://doi.org/10.1016/j.eswa.2018.03.059
http://www.ScienceDirect.com
http://www.elsevier.com/locate/eswa
http://crossmark.crossref.org/dialog/?doi=10.1016/j.eswa.2018.03.059&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:shin@ajou.ac.kr
https://doi.org/10.1016/j.eswa.2018.03.059
http://creativecommons.org/licenses/by-nc-nd/4.0/


122 D.-g. Lee et al. / Expert Systems With Applications 106 (2018) 121–131 

Fig. 1. (a) Screenshot of a scanned version of the AGS, (b) Image of the AJD. 
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that period. According to the definition of politics, power refers

to the ability to influence the behavior of others in the realm of

various political, economic, and societal relationships among peo-

ple ( Dahl, 1957 ). It has the property of producing relative rank

or classes among the people who constitute the society. With the

relational and interactive nature of power functioning in a soci-

ety, it is inevitable that individuals will make strategic decisions

( Foucault, 1980 ). We define a power mechanism as the principle or

structure of rivalries, political decision patterns, and maintenance

of power that acts upon a society or a nation. Such power mech-

anisms are analyzed and interpreted to understand the overall

structure of politics, society, and economy by expressing the power

structure or the structure of political choices. Power mechanisms

are currently being analyzed intensively in various disciplines, es-

pecially in the field of premodern political history, not only for

understanding the current political structure, but also for grasp-

ing the power structure of past ruling elites. The following section

presents additional literature reviews on power mechanisms. 

In this study, we analyze the power mechanisms of the Joseon

Dynasty by utilizing machine learning on historical data. More

specifically, we attempt to classify political forces using existing

historical records, the Andong Gwon-ssi Sunghwabo (AGS) and the

Annals of the Joseon Dynasty (AJD). The AGS is currently the oldest

existing set of genealogy data in Korea and was published in 1476

by a member of the 18th generation of the Andong Gwon clan,

Seo Geojung. There are family relation records of 10,243 people

over twenty-one generations with names for each individual and

their final position at the national bureau. It can be browsed in

the Jangseogak Royal Archive ( http://yoksa.aks.ac.kr/ ) as a scanned

version, as shown in Fig. 1 (a). Later, Lee (2013) digitized it based

on the Henry system ( Henry, 1935 ). On the other hand, the AJD

is the most renowned historical volume that describes the histori-

cal facts of the Joseon Dynasty for 472 years over 25 reigns, from

King Taejo (1392) to King Chuljong (1863). It consists of 1894 fas-

cicles and 888 books, comprising 48,646,667 Chinese letters. In

1997, it was registered as a documentary heritage in UNESCO’s

Memory of the World program. Fig. 1 (b) shows an image of a

few fascicles of the AJD. The images, complete translation in Ko-

rean, and database of the AJD are currently accessible online from

http://sillok.history.go.kr . 

To analyze the power mechanisms of the era using these his-

torical data, the proposed method begins by constructing a human

network. The network consists of nodes, edges, and labels. The
odes indicate people, edges represent blood relations between

eople in terms of degree of kinship, and labels represent power

roups for individuals. For the construction, we used the AGS for

he nodes and edges and AJD to determine the labels. To construct

he network, we applied a machine learning algorithm called

emi-supervised learning (SSL) ( Chapelle, Scholkopf, & Zien, 2006;

hu & Goldberg, 2009; Zhu, Ghahramani, & Lafferty, 2003 ). SSL

s known to be effective when labeled data are limited. People

nown to be within power groups are very scarce—perhaps only

istorically important figures—which means labeled data points

re limited in the historical data. In such circumstances, SSL is

uitable for identifying groups of people who are not defined as

elonging to any group. The results inferred by SSL are validated

hrough expert annotation. 

The rest of the paper is organized as follows. In Section 2 , we

urther remark on Korean historical data and previous studies on

ower mechanisms. In Section 3 , we briefly review the SSL and

ts formulation. In Section 4 , we present the proposed method, ex-

laining the procedures necessary to process the data for SSL. In

ection 5 , we explore experiments and the results of applying the

roposed method to the human network built from the AGS and

JD. In Section 6 , we conclude this paper with some discussion of

he insights, novelty, and limitations of the current research. 

. Remarks on Korean historical data and previous studies on 

ower mechanisms 

Representative studies on power mechanisms include rivalries

etween the Powerful Family and New Officials in the late Goryeo

ynasty ( Min, 1974; Yi, 1991 ), Meritorious Elite and Neo Confu-

ian in the early Joseon Dynasty ( Lee, 1979; Lee, 1986 ), faction

olitics in the late Joseon Dynasty ( Chung, 1983; Lee, Lee, Shin,

ung, & Yoo, 1993; Lee, 20 0 0; Lee, 1985 ), and pro- and con-Japan

roups in the Japanese colonial period ( Kang, 1980 ). In the current

eld of history, however, such studies are mostly based on em-

irical approaches that interpret and describe historical records by

eticulously looking at associated words, phrases, and even mean-

ngs between sentences. Although empirical approaches yield en-

iched interpretations through detailed analysis, they have a dis-

dvantage because of the significant time and effort required to

xplore the tremendous amount of existing historical data. In re-

ent years, however, there has been an increase in the interest

f database creation and extensive effort s to create databases for

http://yoksa.aks.ac.kr/
http://sillok.history.go.kr
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Fig. 2. Graph-based semi-supervised learning (SSL). 
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i  
arge amounts of historical data. Such efforts have yielded the dig-

talization of historical big data and enabled easier access to these

ata. Works concerning this trend include standardizing databases

or genealogy data, building up a basis for constructing databases

elated to Korean medieval archeology, and generating a history

ntology through web-based data, where it is produced by users.

ost notable works regarding Korean history are the History of

oryeo and the AJD, which can be browsed through the Internet.

urthermore, many studies have attempted to collect and scan ge-

ealogy data that show blood relations for various families. Start-

ng from the work of Wagner and Song ( Lee, 2004; Song & Wagner,

0 0 0 ), which created a database for the roster of civil examina-

ion graduates in the Joseon Dynasty, many historical records have

ow been digitalized. Extending from the digitalization of histori-

al records, there are growing efforts at interpreting historical facts

r phenomenon using digitalized data. Chung and Kim (2011) cre-

ted a human network oriented on a king in the Three Kingdoms

eriod based on domestic politics, international relations, family

elations, and relations between people (excluding the king him-

elf). By considering the number of connected links in the net-

ork, they deduced the governing rules and management methods

f each king. Lee and Son (2012) analyzed the periodic patterns

f life expectancy and death rates from the 17th to 20th century

ased on the dates of births and deaths in a genealogy dataset. 

. Semi-supervised learning 

In view of the methodology, the inference of power mecha-

isms can be regarded as a classification of people into two (or

ore) groups. Here, the indicator for one’s membership to one

roup or another one can be coded as a label + 1 or −1. How-

ver, people known to be within power groups are very rare in the

istorical data—perhaps only historically important figures. This

eans it is not practical to use supervised learning algorithms as

n inference model. SSL, in contrast, allow us to circumvent this

ifficulty because it can work with only a few labeled data but at

he same time it utilizes a good number of unlabeled data to in-

er a natural and smooth classification boundary between two ri-

alry power groups ( Chapelle et al., 2006; Kim & Shin, 2013; Wang,

hen, & Pan, 20 09; Zhu, 20 05 ). We briefly introduce SSL as follows.

In mathematical notation, the use of SSL is ideal particularly

hen n l � n u , where n l is the number of labeled data and n u is

he number of unlabeled data. Graph-based SSL is a commonly

sed algorithm; it utilizes a graph (or a network) to represent

he similarities between data points and predicts labels for un-

abeled data ( Goldberg & Zhu, 2006; He, Carbonell, & Liu, 2007;

hin, Hill, Lisewski, & Park, 2010; Subramanya & Talukdar, 2014 ).

nlike other machine learning algorithms, such as artificial neu-

al networks (ANNs) ( Abraham, 2005; Bishop, 1995 ), support vec-

or machines (SVMs) ( Cristianini & Shawe-Taylor, 20 0 0; Kotsiantis,

aharakis, & Pintelas, 2006; Schölkopf & Smola, 2002; Shin & Cho,

007 ), and decision trees (DTs) ( Breiman, Friedman, Stone, & Ol-

hen, 1984; Kass, 1980; Quinlan, 2014 ), which only use labeled

ata, SSL can capture the structure of the input space by employ-

ng additional unlabeled data in the learning process. Fig. 2 depicts

raph-based SSL. 

For graph-based SSL, a network N = ( V, E ) consists of a node set

 and an edge set E . For n ( = n l + n u ) data points, V represents a set

f data points ( V = { x 1 , x 2 , …, x n }) and E represents the similarities

etween the nodes. In general, the weight w ij of nodes i and j in

he similarity matrix W is calculated by the Gaussian function 

 ij = 

{ 

ex p −dist ( x i ,x j ) /σ 2 

if i ∼ j 
0 othe rwise 

, (1) 

here i ∼ j indicates that the two nodes are connected, and

ist ( x i ,x j ) is the distance between x i and x j with any distance mea-
ure. Weight w ij takes on a value between 0 and 1, where a higher

alue implies higher similarity between the two nodes. The label

et y = ( y l ,y u ) consists of labeled nodes y l ∈ { − 1, + 1}( l = 1, …, l )

nd unlabeled nodes y u = 0( u = l + 1, …, l + u ). SSL produces out-

ut f = ( f 1 ,…, f l , f l + 1 , …, f l + u ) T for unlabeled data by minimizing

he following quadratic function: 

in 

f 
( f − y ) 

T 
( f − y ) + μ f T L f (2) 

here y = ( y 1 ,…, y l , 0, …, 0) T and L , the graph’s Laplacian ma-

rix, is defined as L = D − W , where D = diag ( d i ) and d i = 

∑ 

j 

w i j .

he graph-based SSL algorithm has two conditions: (a) the output

hould be consistent with the initial labeling and (b) the outputs

or two connected nodes should not be too different given their

imilarity. Parameter μ is a user specific learning parameter that

ontrols the two conditions. The solution to minimization problem

2) is given by 

f = ( I + μL ) 
−1 y, (3) 

here I is the identity matrix. With output (3) , we can classify

nlabeled nodes with either − 1 or + 1. 

. Proposed method 

To create a network of people in a genealogy, a tree struc-

ure representing parent and offspring relationships, as shown in

ig. 3 (a), should be transformed into a network structure, as de-

cribed in Fig. 3 (b). In the network, nodes represent people in the

oseon Dynasty, edges represent relationships between people, and

abels represent each associated power group. SSL can then be ap-

lied to the network to draw inferences on the group memberships

f people whose memberships to a certain power group are not

nown. In general, a network is constructed by representing the

ata as nodes and similarities between them as edges. Consider-

ng the purpose of the present study, however, it is meaningless to

epresent all the people who are recorded in the genealogy over

undreds of years into one single network. Thus, we constructed a

etwork that only includes people in a contemporary period and

he similarities among them. Then, we developed a method for

lassifying the people into rival power groups based on the infor-

ation obtained from a series of political agendas in the AJD. Fig. 4

llustrates the process of the proposed method. 

.1. Network of contemporaries 

To construct a network of contemporaries from a genealogy, it

s required to define an "orient" (a person with whom we are con-
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Fig. 3. Structure of genealogy and people network from the genealogy. 

(a) Nodes of contemporaries (b) Edges of kinships

(c) Labels for power groups (d) Classification into two power groups

‘+1’

‘-1’

Fig. 4. Process of the proposed method: (a) Select the nodes of the network by defining an orient for contemporaries and the length of the corresponding period. (b) 

Calculate the edge weights that represent the similarity of the people based on their blood relations. (c) Set the labels of the people based on the information obtained from 

a series of political agendas in the AJD. (d) Classify people into rival power groups by applying the graph-based SSL algorithm and inferring rivalries for the corresponding 

period. 
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cerned) to define a contemporary period and the length of this pe-

riod. In the simplest method, all the people in the same generation

as the orient are added to the network. The depth of the tree spec-

ifies the network structure. In such a case, a period of the same

depth in the genealogy tree can be stretched to cover more than

100 years. However, it does not make sense to say that people in

this network are contemporaries. For instance, a cousin of some-

body can be older than his parents; they are same generation, but

not contemporaries. 

Therefore, we propose a flexible time-window method that sets

a historically important person as an orient and uses that person

to define the contemporary period. In genealogy data, chronologi-

cal information such as birth year, death year, and the year of ad-

mission to a national bureau are available (but does not include all

of the people recorded in the genealogy). Let us denote the per-

son chosen as an orient as a time marker . Then, the contemporary

period is derived by determining the upper and lower bounds. In

addition, we consider that the bounds should be set to cover the

valid period over which the time marker exercises his/her power

(see Fig. 5 ). For the upper bound Yr U , the mean incumbency of

people recorded in the genealogy is calculated and added to the

time marker’s admission year to a national bureau. However, this

date cannot exceed the time marker’s year of death: 

 r U = min { ( Y T P T M 

+ IN C mean ) , Y D T M 

} , (4)
here YTP TM 

and YD TM 

are the time marker’s year of taking the

osition (or admission year to a national bureau) and year of

eath, respectively. Moreover, INC mean is the average incumbency,

alculated from the genealogy. The lower bound Yr L for the time

indow similarly set. In our study, a year that is earlier than the

ime the time marker takes an official position is considered be-

ause he/she could have been already influenced by his/her family

embers even though he/she does not yet have a position. It is

alculated using the following equation: 

 r L = 

Y B T M 

+ Y T P T M 

(5)

2 
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Table 1 

Opinion information of people on five toy agendas. 

Agenda 1 Agenda 2 Agenda 3 Agenda 4 Agenda 5 

Person D Agree Disagree Agree Disagree Disagree 

Person E N/A N/A N/A N/A N/A 

Person F Disagree Agree Disagree Agree Agree 

Person G N/A N/A N/A N/A N/A 

Person H Agree Disagree Agree Agree Disagree 

Person I N/A N/A N/A N/A N/A 

Table 2 

Phi-coefficient matrix of three people. 

Person D Person F Person H 

Person D 1.0 0 0 0 −0.6667 1.0 0 0 0 

Person F 1.0 0 0 0 −0.6667 

Person H 1.0 0 0 0 
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here YB TM 

is the time marker’s year of birth. Any person his-

orically who is well-known can be a time marker. Moreover, the

ength of the contemporary period can vary depending on the time

arker. Therefore, this approach provides flexibility when consti-

uting a network from a genealogy. 

.2. Nodes 

From the genealogy, people with a record of an admission

ear to a national bureau within the bounds (4) and (5) are in-

luded in the network. Those become nodes of the network. How-

ver, because of missing information, the network only contains a

mall portion of people. Those who do not have time information

ecorded in the genealogy cannot be included in the network. To

vercome such deficiencies, we utilize blood relations to supple-

ent the network with more people: the siblings of the people

ith time information are added to the network. This incorporates

he general conjecture that sisters and brothers are likely to live in

 similar period. 

.3. Edges 

An edge in the network represents a blood relationship be-

ween people in a genealogy and its connection strength is cal-

ulated using the degree of kinship. From the tree structure of a

enealogy, the degree of kinship is defined as the following: the

irect connection of a parent and offspring relationship is a first-

egree of kinship, siblings are second-degree kinship, an uncle or

unt is a third-degree of kinship, and this increases in the same

anner. A smaller value of the degree of kinship implies closer re-

ations between the two people, therefore the connection strength

or similarity) is larger. We reflect such aspects to calculate the

imilarity matrix using the following equation: 

 i j = 

2 

1 + e k i j 
(6) 

here k ij is the degree of kinship between person i and j . The

ange for similarity w ij is 0 ≤ w ij ≤ 1, where w ij = 1 for the person

im/herself ( k ii = 0). Moreover, w ij has high values for close rela-

ives and low values for distant relatives. If the value of w ij is be-

ow threshold ε, we disconnect the edges (i.e., let w ij = 0 for w ij <

). 

.4. Labels 

The labels of the nodes in the network represent memberships

f people to a certain power group or the other rival group. How-

ver, there are many instances where the records for power infor-

ation are non-existent or were destroyed for political purposes.

hus, we define two opposing power groups and assign people into

ne of the power groups based on the AJD, which contains discus-

ions on various agendas and the opinions of officials in the Joseon

ynasty period. More specifically, we compare the opinions of peo-

le whose opinions are identifiable in the AJD, for various agendas

nder the assumption that people in the same power group gen-

rally express similar opinions about agendas. Because there can

e no perfect consensus or dissension in opinions between two

eople, we set a quantitative measure for the degree of consensus

n opinions using the phi coefficient, which is a measure of asso-

iation for two binary variables ( Boas, 1909; Pearson, 1900; Yule,

912 ). Suppose we have the following contingency table for two

ariables a and b ( a, b ∈ {0, 1}), 

b = 0 b = 1 

a = 0 n 00 n 01 

a = 1 n 10 n 11 

r  
where n 00 , and n 11 are the observation frequencies for consen-

us and n 01 and n 10 are the observation frequencies for dissension.

he phi coefficient ϕ is calculated with the following equation: 

= 

n 00 n 11 − n 10 n 01 √ 

( n 00 + n 01 ) ( n 10 + n 11 ) ( n 00 + n 10 ) ( n 10 + n 11 ) 
. (7) 

Just as for the Pearson correlation coefficient, ϕ takes a value

etween −1 and 1, where values closer to 1 indicate a higher de-

ree of consensus and those closer to −1 indicate a higher degree

f dissension. Using the phi coefficient, we define a power group

onsisting of people with similar opinions in contrast to its rival

roup. People belonging to same group have the same label and

re called labeled people in our study. 

.5. Classification of power groups 

To classify unlabeled people in the network, that is, those who

re not identified with any power group via labeling, we use the

rediction of a graph-based SSL algorithm. For convenience of un-

erstanding, we explain the classification process with a toy exam-

le. Suppose we have the genealogy network shown in Fig. 3 (a),

ith person D set as the time marker. Further assume that his

irth year, death year, and admission year to a national bureau are

500, 1560, and 1520, respectively. By applying the flexible time-

indow, the period between 1510 and 1560 is set from the bounds

f the time window. Hence, we can include six people into the net-

ork who have records of admission to a national bureau: Persons

, E, F, G, H, and I. 

For the edges, we employ the degree of kinship along with

6) to calculate the weights. For instance, Persons D and H (or

) have a first-degree of kinship, which yields 0.57 as the edge

eight, and Persons D and E (or F and G) have fourth-degree of

inship, which yields 0.04 as the edge weight. 

For labels, we use opinions for five toy agendas, which are

hown in Table 1 . In this case, there only exists opinion informa-

ion for Persons D, F, and H, so we apply the phi coefficient only to

hese three people for labeling. Table 2 shows the resulting values

f the phi coefficient for Persons D, F, and H. 

With respect to the time marker Person D, Person H has a pos-

tive phi coefficient value but Person F has a negative value. Thus,

e can define a group that Person D and H belong to, and its ri-

al group, which Person F belongs to. In the notation, we assign

abel “−1” to the former group’s members whereas “+ 1” is as-

igned to the latter group’s member. For Persons E, G, and I, for

hom opinion information does not exist, we assign “0”, indicat-

ng them as unlabeled nodes. Fig. 6 (a) shows the constructed net-

ork with the toy example and Fig. 6 (b) shows the classification

esults by thresholding the predicted value (if f > 0 or not). As
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Fig. 6. Classification process of toy example. 
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a consequence, Persons E, G, and I now have predicted labels for

their power groups, “+ 1”, “+ 1”, and “−1”, respectively. 

5. Results and discussion 

In this section, we first explore the results of network construc-

tion with a specific time marker from the AGS and label setting

using agendas from the AJD. We then present the classification per-

formance using the proposed method and show comparisons with

other algorithms. Lastly, we discuss the enrichment of the study

of the classification results with actual opinions for representative

agendas of the AJD. 

5.1. Results for network construction 

For the first step of network construction, we used Seo Geojung

(1420–1488), who published the AGS, as the time marker. By ap-

plying the flexible time-window for year 1466—the year Seo Geo-

jung became a national bureau official (YTP TM 

)—we derived the

upper and lower bounds as 1488 and 1443, respectively. Thus, the

period 1443–1488 was set as the time window. Using the proposed

method, contemporary people were set as nodes of the network.

Numerically, a network of 1589 nodes was established. Among

them, 446 people had records for their admission year to a na-

tional bureau (YTP) in the period while the remaining 1142 peo-

ple, who are the siblings of those people, were also added. The

edges were defined by the similarity matrix using (6) . Some trivial

edges whose values were less than threshold ε = 5 × 10 − 4 were

removed. Consequently, the number of resulting edges were 36,965

relations for 1589 people. Fig. 7 illustrates the (sub-)network and

the insert shows its magnification, centered on Seo Geojung. In the

figure, the numbers shown on the edges indicate the degree of kin-

ship along with the weight values between the associated nodes.

The thicker edges represent a closer degree of kinship and there-

fore higher similarities. 

For the labels, we collected the opinions of people for 126 agen-

das in the AJD from 362,161 articles (simply speaking, each of them

is a web page) within the time window. The collected data con-

sists of opinions for 74 people out of 1589 people in the network,

in various forms that are not limited to agree/disagree. To orient

them toward the time marker, we preprocessed the data into a bi-

nary form representing pros/cons with respect to his opinion for

each agenda. For each agenda, the number of people expressing

their opinions varied from a minimum of one person (11 agen-

das) to a maximum of 23 people (two agendas). Fig. 8 shows a

typical result for 15 selected agendas. The participants per agenda

vary and accordingly, hence the bar heights are different in the fig-

ure. Blue dotted bars and white bars indicate the number of people

who agree and disagree with the time marker, respectively. 
To assign power groups to each individual, we first defined two

ower groups: a) the group consisting of members whose opin-

ons are similar to the time marker and b) the group consisting

f members whose opinions are different from the time marker.

ence, the phi coefficient was calculated. Out of 74 people, 65 peo-

le were assigned to power groups while nine people were left un-

ecided, i.e., they had no common agenda for expressing an opin-

on with the time marker, therefore, for them, the phi coefficient

as ϕ = 0. For the undecided people, we compared the ϕ values

ith respect to each individual who are already in either group

nd assigned them to the group with the majority of similarities.

hrough the process, we assigned 56 people to one group (group

) and 18 people (group 2) to the other. Table 3 summarizes the

ata used for the network construction. 

.2. Results for network construction 

.2.1. Performance of the proposed method 

To check the performance of the proposed method, we applied

raph-based SSL algorithm to a constructed human network for

redicting the labels of the nodes. For the experimental setting, we

ifferentiated the number of labeled data to see if more labels pro-

ided higher prediction accuracies. Eight sets of labels (74 × [0.05,

0.10, …, 0.40]) of different sizes were used for prediction, and

ach experiment was repeated 100 times. For the tradeoff parame-

er μ, we obtained the optimal value through cross-validation over

he range μ ∈ {0.001, 0.01, 0.1, 1, 10, 100, 10 0 0}, which was 100.

he performance was measured using the area under the receiver

perating characteristic curve (AUC) ( Allouche, Tsoar, & Kadmon,

0 06; Fawcett, 20 06; Powers, 2011; Provost & Fawcett, 1997; Shin

 Cho, 2006 ). The AUC ranges from 0 to 1, where an AUC value of

.5 corresponds to random guessing and a higher value indicates

etter prediction accuracy. 

Fig. 9 shows AUC values with respect to an increase in the size

f the label set. The figure shows that there exists an increasing

rend of the AUC with respect to increases in the size of the la-

el set. This implies higher performance for a higher number of

abeled data. The maximum AUC obtained with the graph-based

SL algorithm on the constructed network was 0.62. This quantita-

ively shows that blood relations of people are informative when

nferring the power mechanisms of people. 

.2.2. Comparison with other classification algorithms 

We compared the performance of the proposed method to

ther classification algorithms: ANN ( Abraham, 2005; Bishop,

995 ) and SVMs with polynomial and Gaussian kernels ( Cristianini

 Shawe-Taylor, 20 0 0; Kotsiantis et al., 20 06; Schölkopf & Smola,

002; Shin & Cho, 2007 ). 

For the experimental setting, we used 74 labeled data with 40%

s the training set and 60% as the test set. For each algorithm,
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Fig. 7. Subset of the network for the Andong Gwon clan and magnification centered on the time marker Seo Geojung. 
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Fig. 8. Number of people showing positive or negative opinions on case-by-case agendas: the blue dotted bars and white bars represent the number of people who agree 

with and disagree with time marker Seo Geojung, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version 

of this article.) 

Table 3 

Summary of historical data used for the human network. 

Data source Total number of data Number of data used for network construction 

Nodes Edges Labels 

AGS 10,243 people 1589 people 36,965 relations 74 (56:18) 

AJD 362,161 articles – – 126 agendas 

t  

a  

E  

t  

0  

0  

B  

2  

m  

r  

t  

p  

(  

t  

t  

k  

o  

b  

C  

t  

c

S

S

B

he experiment was repeated 100 times. Inputs were fed to both

lgorithms after encoding the genealogy tree into binary vectors.

ach generation was represented as a 4-bit vector. For instance,

o encode three generations of a subject, his grandfather becomes

 0 01-0 0 0 0-0 0 0 0, his father (the third son of grandfather) is 0 0 01-

 011-0 0 0 0, and the subject himself is coded as 0 0 01-0 011-0 0 01.

ecause the total number of generations included in the AGS is

1, the encoding produces 84-dimensional binary vectors. After re-

oving the redundant dimensions (indicating “off-the period”), the

esulting dimensions of the input became 44. For parameter set-

ing, the tradeoff parameter μ was set as 100 for SSL as explained

reviously; the number of hidden nodes was set to 20 for ANN

44-20-2 MLP); the penalizing parameters of the SVMs were set

o 10 and 1 for the polynomial SVM and Gaussian SVM, respec-
ively. The poly-degree of the former was set to 1 whereas the

ernel width was set to 0.0 0 01 for the latter. These values were

btained through cross-validation. The performance was measured

y the AUC and balanced correct-classification rate (BCR) ( Shin &

ho, 2006 ). BCR treats the class imbalance problem by reflecting

he balance between the different sizes of positive and negative

lasses. To calculate the BCR, we utilized the following equations: 

 e = 

Number of predicted positi v ess 

T otal number of actual posti v es 
, 

 p = 

Number of predicted negati v es 

T otal number of actual negati v es 
, 

CR = S e · S p . (8) 
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Fig. 9. Performance (AUC) of the graph-based SSL algorithm in power group classification. 

Fig. 10. Box-whisker-plot for performance variation across each algorithm: The red 

line inside the box indicates the median AUC for repeated experiments. (For inter- 

pretation of the references to color in this figure legend, the reader is referred to 

the web version of this article.) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 11. Typical ROC curves for each algorithm: The closer the curve follows the 

left border and then the top border (i.e., gaining a larger area under the curve), the 

better performance of the classifier. 
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In (8) , S e and S p are the sensitivity and specificity, respec-

tively. Here, sensitivity refers to the true positive (group 1) rate

and specificity refers to true negative (group 2) rate ( Altman &

Bland, 1994 ). The BCR ranges from 0 to 1, and higher value stands

for better prediction performance. In our case, as the ratio of group

1 to group 2 was three to one (56:18), BCR was more suitable as a

performance measure. 

Fig. 10 presents a box-whisker-plot with the mean of the AUC

and its standard deviation for each algorithm. The red line inside

the box indicates the median AUC for repeated experiments. From

the plot, we see that the proposed method outperforms other al-

gorithms with highest median AUC, followed by SVM (Gaussian),

SVM (Poly-1), and ANN. In addition, the results show that the

proposed method achieves the highest mean AUC with 0.6149,

followed by the same order as the median with AUC values of

0.5329, 0.5294, and 0.5052, respectively. It is worth noting that
VM (Gaussian), SVM (Poly-1), and ANN attained AUC values close

o 0.5, which almost correspond to that of random guessing. This

esult conveys the fact that the proposed method incorporates the

enealogy information into the task of power group classification

elatively better than the other representative machine learning al-

orithms. 

Fig. 11 shows a typical receiver operating characteristic (ROC)

urve for each algorithm. For ROC curves, the closer the curve fol-

ows the left border and then top border (i.e., achieving larger area

nder the curve), the better performance of the classifier. Thus,

his figure illustrates that the proposed method is more accurate

han other possible models for power group classification. 

Table 4 shows a confusion matrix for the experiment. From the

able, we see that BCRs were 0.20 6 6, 0, 0.1598, and 0 for SSL, ANN,

VM (Poly-1), and SVM (Gaussian), respectively. In addition, accu-

acies were 0.64, 0.75, 0.70, and 0.75, in the same order. From the

esults, we see that ANN and SVM (Gaussian) achieve the highest
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Table 4 

Typical confusion matrices of the four algorithms used for power group classification. 

(a) Proposed Method (b) ANN 

Predicted Predicted 

Group 1 Group 2 Group 1 Group 2 

Actual Group 1 25 8 Actual Group 1 33 0 

Group 2 8 3 Group 2 11 0 

BCR = 0.2066 BCR = 0 

(c) SVM (Poly-1) (d) SVM (Gaussian) 

Predicted Predicted 

Group 1 Group 2 Group 1 Group 2 

Actual Group 1 29 9 Actual Group 1 33 0 

Group 2 4 2 Group 2 11 0 

BCR = 0.1598 BCR = 0 

Fig. 12. Results of the inference of opinions by classifying power group of people in Sunghwabo: In both cases, red people are classified as belonging to one power group 

and the blue people with thick borders are classified as belonging to the other. People with the same-colored background indicate those that have the same inferred and 

actual opinions. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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ccuracy. The measurement, however, does not take into account

he class imbalance problem, as they classify all data points into

ne power group. Because we have more people for group 1, it

s obvious that if a classifier predicts all data points as belonging

o the associated group, then it achieves a high accuracy. By ob-

erving the BCR, which takes such issues into account, we see that

he proposed method attains the highest value, which confirms the

igh performance of the proposed method. 

.2.3. Enrichment study 

We further enriched the classification results with the actual

pinions for representative agendas of the AJD. Eight agendas were

hosen in which more than 10% of the people in the network (with

abels) expressed their opinions. Twelve of these people were ran-

omly selected and endowed with labels. The other 62 were used

o measure the classification performance; therefore, their true la-

els were not given to the graph-based SSL algorithm and infer-

nced as a result. 

Fig. 12 depicts the results of opinion inference for two spe-

ific agendas. As background information, Fig. 12 (a) deals with the

genda of the appropriate attire to wear to an ambassador recep-

ion during the national funeral of Queen Junghee. In the Joseon

ynasty period, when there was a national funeral due to the

eath of a king or a queen, every official had to wear white col-

red attire. Soldiers, however, had brightly colored armor, so they
ad to choose from among black, white, and other colors. In the

nd, it was decided that the soldiers would wear black armor at

he ambassador reception. 

The agenda in Fig. 12 (b) deals with installing a fort in Haenam

a region of Jeolla-do, Korea). A plan for installing a fort in the re-

ion was suggested to defend it more effectively from enemies.

n terms of the installation and maintenance, however, opposing

iews were suggested because there were not sufficient human re-

ources. After numerous discussions, the king decided not to install

he fort. From these two example agendas, we can see that the

umber of people expressing their opinions is different for each

ase. These two examples seem to show that the proposed method

roduced a satisfactory inference on opinions. 

From genealogy, Lee Geukbae, Lee Geukjeung, and Lee

eukkyun are siblings. But in the former agenda, Lee Geukbae

nd Lee Geukjeung were classified in different power groups

ith showing disparate opinions. Similarly, Lee Geukbae and Lee

eukkyun were split differently in the latter agenda. Since the

roposed network is constructed from genealogy, splitting power

roup within a family can be seen anomalous. However, it is pos-

ible to see such cases since people have different opinions de-

pite having close blood relations. These depicts such phenomenon.

n conventional historical studies, siblings are considered to be in

ame power group. In contrast, the proposed method may shed

ight on discovering diverse perspectives. 
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Fig. 13. Human network of the Andong Gwon clan (1589 people for the period 1443–1488). 
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After verifying the performance of the algorithm, we expanded

the label inference to classify all of the 1589 people in the hu-

man network. In this setting, all of the 74 labeled people were set

as labeled nodes. Consequently, 1150 people and 439 people were

classified into each of the power groups. Fig. 13 shows the full hu-

man network of 1589 people. The colors of the nodes distinguish

the two power groups. 

This outcome is expected to rethink the topography of the po-

litical forces in an era according to the trend of decision-making by

historical figures. In previous studies on power mechanism the his-

torical figures have been classified not by rigorous analysis based

on related historical documents but by binary conflict structure

between two political forces like the Meritorious Elite and Neo

Confucian in early Joseon Korea. In contrast, our new approach

expands our insight regarding political forces into diversity, not

uniformization like a priori study. In other words, this proposed

method leads the historians to attempt to classify some historical

figures who cannot confirm political stances into political forces

different from the priori study. In fact, many historical figures clas-

sified into two power group in Fig. 13 had no clear information

on their political opinion of each agenda. With the help of SSL, it

is possible to classify most historical figures based on the links of

the networks. 

Moreover, the proposed method contributes to reduce time and

effort by domain historians to probe and analyze historical big data

to derive a holistic understanding of historical landscape, which

features interactions among a diverse range of social groups. Con-

sidering new research circumstance deriving from historical big

data, machine learning approach such as our method helps the his-

torian to draw big picture of power mechanism in history over long

term period of time. 

6. Conclusions 

In this study, power mechanisms were analyzed using a ma-

chine learning approach. Based on two historical documents, the

AGS and AJD, a human network was constructed and the power

mechanisms were inferenced by propagating power influences via

blood-relation edges in the network. First, we chose people from

the AGS to be included in the network by defining a period of
ontemporaries. A flexible time-window method was suggested for

his task. The similarities between the people in the network were

lso proposed based on the degrees of kinship obtained from the

ree structure of the genealogy. The labels that indicate the mem-

erships of people to power groups were created by calculating

alues of the phi coefficient. For this task, we analyzed the opin-

ons of people about major agendas in the AJD and defined friendly

r conflicting relationships among them. By applying the graph-

ased SSL algorithm to the constructed network, which was par-

ially labeled by the phi coefficient values, it was possible to quan-

itatively infer the power group of people included in the network.

t amounts to around 1500 people in the period of 1443–1488 in

he Joseon Dynasty. Using our proposed method, we achieved an

UC of 0.62. To take into account for the fact that we only used

lood-relations to identify the power structure, the obtained re-

ults can be regarded as satisfactory. We believe that if we are

iven more diverse historical sources, such as materials on region-

lism or on alumni, better performance can be achieved. 

There are various algorithms for solving prediction and infer-

nce problems for large and various types of data. There are, how-

ver, limitations when applying the existing algorithms directly to

he historical data. The significance of this paper lies in its insights

bout how to solve such difficult problem. The proposed method-

logy is an initiative work in history study and can be further ap-

lied to any of era in the genealogy. In addition, this study can

erve as a new tool that not only analyzes the power relationships

mong historical figures but also provides synergy with existing

ualitative methods. From the viewpoint of history, this study can

estow an insight upon overcoming the limitations of current stud-

es that attempt to classify power groups solely based on historical

acts. It can also provide a methodology to systematically under-

tand the structure of power groups over long periods of time. Fur-

hermore, we expect that this study will grant us an opportunity

o study the structure of elite classes from pre-modern to modern

ras in order to understand the overall structure of politics, soci-

ty, and the economy. Not being unique to Korean history, politics,

nd society, the framework presented in this work can be similarly

xpandable to any era in any country. 

There are, however, few limitations to our research. First, be-

ause we consider people in the genealogy as a whole in a
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etwork-wise fashion, we do not reflect individual characteristics

r historical aspects in our method. Second, the constructed net-

ork in this study only utilizes blood relations as the degree of

inship in the genealogy and does not reflect other various rela-

ions of people, such as regional or alumni relations. Furthermore,

e limited our evaluation of the proposed method to a small por-

ion of historical people and agenda. We believe that we could ex-

end the scope of the research by obtaining more labeled data for

ower groups that would eventually lead to a higher performance

f the proposed method. 
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