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Abstract

This paper presents work on prosopographical data analyses using the AcademySampo linked data

service and portal. The original primary data, based on ten man years of digitization work, covers

a significant part of the Finnish university history based on the student registries in 1640–1852 and

1853–1899. They contain biographical descriptions of 28 000 students of the University of Helsinki,

originally the Royal Academy of Turku. AcademySampo also sheds light to the academic history of

Sweden and Baltic countries through their shared history with Finland in the larger Swedish empire. The

Finnish student registries have been widely used by genealogists and historians by close reading. The

main focus of this article is on the networks connecting the students and on knowledge discovered using

this methodology. Networks connecting the students as well as their relatives mentioned in the data

can be constructed based on various criteria, e.g., by genealogical relations, or by similarities on career

by common vocations and employees. The student records already have a linkage to related Wikidata

pages, which has been earlier used for enriching, e.g., the information about the relatives mentioned in

the register descriptions. In this paper the biographical data is further extended by using Wikidata and

by extracting further information and connections from the textual descriptions in Finnish, Swedish,

or English Wikipedia. Although the descriptions in AcademySampo provide detailed data about the

academic careers and family relations, the related Wikipedia entries can provide more details about their

lifetime events with, e.g., their known locations of work or residence, topics of interest, lifetime events, or

acquaintances. Topic of specific interest in this paper include: 1) Inheritance analysis of occupations and

social classes in families. This analysis uses correlation matrices based on occupations of the students

and their parents. 2) Quantitative analyses and visualizations of the family lines of students, based

on automatically created family trees of the students and their parents. Family lines as long as eight

generations can be found.
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1. Introduction

AcademySampo
1

[1, 2] consists of two parts: 1) a Linked Open Data (LOD) service
2

published on

the Linked Data Finland platform [3] and 1) a semantic portal
3

based on it. The AcademySampo

Portal provides intelligent capabilities for searching and browsing with seamlessly integrated

data analytical tools and visualizations for biographical and prosopographical [4] research

using statistics, networks, timelines, and maps. The open Application Programming Interfaces

(API) of the LOD service and its SPARQL endpoint, in turn, provide an easy-to-use opportunity

to implement data analyses for DH researchers with some experience in the SPARQL query

language
4

and programming. For example, the YASGUI editor [5], Python scripts, Jupyter
5
, and

Google Colab notebooks
6

can be used.

AcademySampo is part of the Sampo portal series
7

[6] and uses the Linked Open Data

Infrastructure for Digital Humanities in Finland (LODI4DH)
8

[7], a part of the Finnish FIN-

CLARIAH infrastructure initiative
9
. This paper describes and compares a set of four networks

created from the AcademySampo actor data, and introduces various results from analyzing the

relationships found in genealogical or academic connections or in lifetime events.

2. Primary Data and Knowledge Graph

AcademySampo’s data form an extensive knowledge graph that has been produced algorithmi-

cally from the digitized student registers of the Royal Academy of Turku and the University of

Helsinki in 1640–1852 and 1853–1899
10

by extracting information from the texts and database

structures. The data has been enriched by linking it both internally by artificial intelligence-

based reasoning, and externally to other open datasets [8]. The student registers describe all

people who have received academic education in Finland in 1640–1899, as there were no other

universities in Finland at that time. The descriptions of students tell not only about their studies,

but also about their career after studies and relatives, as well as references to the literature.

The original register of the Royal Academy of Turku was destroyed in the Great Fire of Turku

in 1827, but it was reconstructed in the late 19th century by Vilhelm Lagus. The register was

supplemented in the 20th century from various sources, and in the end the information was

edited by Yrjö Kotivuori and Veli-Matti Autio in an effort of ca. ten man years.

Since the registers 1640–1852 and 1853–1899 were provided by different authors their tabular

CSV data differ to some extent. The source information found in the table of records 1640–1852

includes, in addition to some technical information in the database: 1) the person’s registration

number, 2) HTML text showing the person’s name, places and times of birth and death, parents,

1

Project homepage: https://seco.cs.aalto.fi/projects/yo-matrikkelit/

2

The LOD service is available at https://ldf.fi/dataset/yoma

3

Portal was opened February 2, 2021 at https://akatemiasampo.fi/en/

4

https://www.w3.org/TR/sparql11-query/

5

Jupyter Project and Tool: https://jupyter.org

6

Google Colab: https://colab.research.google.com/notebooks/intro.ipynb#recent=true

7

See: https://seco.cs.aalto.fi/applications/sampo/

8

LODI4DH initiative: https://seco.cs.aalto.fi/projects/lodi4dh/

9
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career events, relatives, students, references and 3) the date the record was created. If the

person mentioned in the register 1640–1852 is found in either of the registers, a HTML link is

manually created connecting this mention to the person’s page using the registration number.

However, in the register 1853–1899 there are no such links, and the references have been

interpreted computationally. In addition, supplementary textual information about a person

may be available in other registers. For example, Johan Ludvig Runeberg has further information

in the registers of Lagus and Carpelan.

The primary data used in creating AcademySampo was therefore mainly text in HTML format

without structured metadata, such as places or times of birth, vocation, etc. A major technical

challenge in creating the linked data was to unambiguously identify the entities and events

mentioned in the text, such as marriages, rewards and promotions, and key concepts, such as

vocations. A specific challenge in extracting information was to distinguish between people

with the same name, to reason their gender by name, and to infer various relationships, such as

little cousin, through other relationships.

The data of the AcademySampo was converted into Linked Data [9]
11

by structuring the text

descriptions of the Student register 1640–1852 for about 9500 people and the register 1853–1899

for about 18 450 people. This was done by identifying, through regular expressions, basic bio-

graphical information about students, their 47 000 relatives, 120 000 interpersonal relationships,

3000 historical places, 10 000 vocations, and 4000 academic student–teacher relationships. The

“semantic glue” of the knowledge graph are the events related to the professional and family life

of people identified in the texts, which link the people and organizations involved in different

roles with places and times according to the CIDOC CRM
12

ontology and ISO standard. The

data has been enriched by linkage to external databases, such as the Finnish National Biography

and other biographies of the Finnish Literature Society avaible as LOD in the BiographySampo

system [10] and Wikidata
13

, and by inferring relationships between people [8]. The public data

service is available at the Linked Data Finland for accessing and utilizing the data in research

and application development, such as the AcademySampo portal.

3. Networks based on different criteria

Social networks can be constructed from a biographical LOD publication with various, different

criteria. In this chapter four such networks are introduced and analyzed. The examples are

1) Genealogical family relation network, 2) Teacher–Student relation network, 3) A network

based on similarity of life events, and 4) a reference network imported from Wikipedia. The

analysis presented in this chapter were generated in Google Colab notebooks using the data

available at the AcademySampo YASGUI endpoint. The SPARQL results were converted into

social networks using the Python module NetworkX
14

[11]. The figures were generated using

Python modules Matplotlib
15

and Seaborn
16

or using network visualization software Gephi [12]

11
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after exporting the network in graphml [13] format.

3.1. Family Relations

The AcademySampo data is rich with detailed family relationships which were manually added

by the author of the 1640–1852 dataset. This linkage was later used as training data for linking

the relatives in 1853–1899 dataset [8]. The students are interconnected with 66 types of relations

from close relations like parent or child to more distant ones like stepfather-in-law [14].

Approximately 18 900 of the students have at least one relative among the other students.

The diagram on the left in Fig. 3.1 depicts the percentage of students who have other relatives

among the students during the centuries, and the time series on the right shows the percentage

of students whose parent also studied at the University. Generally, during the later half of

19th century the amount of students without an academic family background starts increasing

rapidly.

Figure 1: The diagram on the left depicts the number of relatives in the University for each student, the
time series on the right depicts the proportion of students whose father also studied at the University.

To further analyze the length of family lines, a genealogical network was created, this time

using only the parent–child relations. In this network each kin is represented as a connected

component, and the number of generations equals to the length of the longest path in it. In

Table 1 the first column is the number of generations in the family line and the second one is the

number of kins with that number of generations. For example, there are five kins with a length

of eight generations. The largest subgraph had the size 66 nodes. The value 8171 at the bottom

row is the number of students without relatives among the students. Notice that a subgraph

with a maximum path length 8 contains also subpaths with all shorter lengths (7, 6, 5, . . . ).

Table 2 lists examples of the student names along two family lines, so that the oldest ancestors

are listed first. One could, for example, pay attention to the changes in the spelling of the family

names during the centuries. A closer look at the biography of Nils Abraham Ursin reveals that

in 1845 he was ennobled with the family name af Ursin. The history of each family line could

be further analyzed by, e.g., looking at the places of birth and death along the family history.

Both of the families have their roots in small villages (Kalvola, Eura, Rantasalmi) but later they

have moved to larger towns (Turku, Helsinki, Kuopio) in Finland.

Figure 2 shows a correlation matrix between the vocational groups of parent-children pairs.

The full labels of the vocational groups are shown on the rows; the columns have the same



Table 1
Lengths and amounts of family lines

generations #families

8 5
7 21
6 47
5 81
4 205
3 547
2 1816
1 8171

Table 2
Examples of person names in two family lines

example 1 example 2

Homman, Tomas Ursinus, Jakob
Homeen, Johan Ursinus, Jakob
Homeen, Johan Ursinus, Nils
Homén, Johan Jakob Ursin, Jakob Johan
Homén, Gustaf Vilhelm af Ursin, Nils Abraham
Homén, Lars af Ursin, Julius
Homén, Lars Olaf af Ursin, Nils Robert

order but only the indices are shown underneath the figures. The values in the cells are the

probabilities that a child working in a field represented by the row has had a parent working

in the field for the corresponding column. On each row the cell with the largest value has

the darkest background color, and all the values on a row sum up 100 %. For example, the

uppermost value on the left indicates that 49.1 % of children in the religious work category have

had parents in religious work category as well, likewise 53.1 % of the students with parents in

the field of agriculture, forestry and fishing (row 6) has chosen a religious work. The values

on the matrix diagonal are the probabilities of choosing the same vocational group as one’s

parent has. However, looking at these statistics one has to remember the academic context–like

for instance on the 6th column all the values are relatively small meaning that independent of

the parents’ vocation only a few children has chosen a work in agriculture, forestry or fishing,

although in 17th–19th centuries Finland was an agricultural country.

3.2. Teacher-Student Relations

The dataset contains a network of teachers and students spanning from 1640’s to the year 1853.

In a similar way to the family relations, this linkage was manually added by the dataset authors.

There are altogether 4893 links connecting 3159 people. Network statistics can be used to, e.g.,

locate the most significant individuals. Figure 5 shows how the network spans continuously over

the entire time window. On this illustration three most central actors are emphasized, Henrik
Gabriel Porthan, Jakob Gadolin, and Algot Scarin who all are famous scholars and professors.

3.3. Similarity of Lifetime Events

Similarity between the students was calculated from the RDF data using the lifetime events.

Features like having the same occupation, participating in the same event, being in the same

places etc. were considered as links connecting the students. The similarity measure was

achieved computationally by 1) a breadth-first search querying all the nodes related to each

student, 2) by filtering out the nodes that are related to very few or to too many students, 3)

by constructing a matrix where each related entity is a feature (column) for a student (row), 4)



Figure 2: Correlations of the vocations between parents and children

Figure 3: The most common vocational categories during the years 1650–1950

by applying a TF-IDF measure to reduce the weight of most common terms and to emphasize

the rarer ones, and by 5) calculating the similarity using cosine similarity. In addition to this

method, also RDF2VEC embeddings[15] were tested on the data. However, the similarities and

recommendations achieved with embeddings did not seem feasible. Furthermore, the approach

above allowed to adjust weights by the class of a features, e.g., to enhance the importance of,

e.g., related organizations or inversely reduce the importance of a common time-span.

In the data publication the recommending similarities are modeled as RDF resources con-

necting the two students, indicating the similarity value, and containing links to the database

entries having the highest effect on the found similarity. FOr example, the people similar the



Figure 4: Correlations of the vocations between siblings

Figure 5: Network of Teacher–Student relations

to Finnish chemist and physicist Johan Gadolin are found based on terms like mineralogist,
Uppsala University, and Royal Swedish Academy of Sciences. Another example of similarities is a

cluster of engineers
17

who worked in Baku, Azerbaijan, for the oil company Branobel
18

that

17

https://akatemiasampo.fi/en/people/page/p17642/table

18

https://en.wikipedia.org/wiki/Branobel
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Table 3
Typical classes of links found in Wikipedia pages

Class of Wikipedia Entity Count

human 1443
municipality of Finland 236
former municipality of Finland 174
city 102
newspaper 97
town 70
academic discipline 65
position 64
profession 63
organization 59

was run by the Nobel brothers. In the AcademySampo Portal these mutual connections are

also shown in the network visualization
19

.

3.4. Enriching Data from an External Databases

Register descriptions of people are often short, and an external database can provide more

detailed information about their lifetime. The AcademySampo Data Service contains also a

linkage to external data publications, such as the Finnish BiographySampo
20

[10], Members

of Finnish Parliament, Ministers of Finland, as well as the international Wikidata. Using the

Wikidata linkage also the related Wikipedia pages written in various languages can be accessed.

Out of the total of 28 000 students approximately 2700 have an entry in the Finnish Wikipedia.

In addition, a Wikipedia page is available in Swedish for 1028 students and in English for 386.

The Wikipedia description text was queried for each person. The graph is constructed based

on the links on the pages so that two entities having the same link get interconnected. Python

module MediaWiki
21

was used for scraping the pages.

In this graph also the properties of the links can be analyzed, e.g., what are the connections

based on, e.g., people, places, occupations, or organizations. The most frequent classes of the

links are shown in Table 3 where it can be observed that in most cases two people are connected

by a mention to a third person. Many of these people are Finnish contemporaries but this

information can also reveal clusters of students who became authors and were influenced, e.g.,

by Goethe, Ovid or Aesop. In many cases the links are generated by mentions of municipalities,

towns, or other types of places. More rarely the connection is built upon an academic discipline

or degrees, ideology, historical event, a work of art, or a style of art or literature. Among the

organizations is the Finnish Medical Society Duodecim22
which was founded in 1881 by 12

19

https://akatemiasampo.fi/en/people/page/p17642/connections

20

https://biografiasampo.fi

21

https://pymediawiki.readthedocs.io/en/latest/code.html#api

22

https://fi.wikipedia.org/wiki/Suomalainen_L%C3%A4%C3%A4k%C3%A4riseura_Duodecim
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Table 4
Top actors in example networks by pagerank centrality

Student–Teacher Wikipedia

1 Porthan, Henrik G. Mannerheim, Carl G. E.
2 Gyldenstolpe, Mikael Paasikivi, Juho K.
3 Scarin, Algot Mechelin, Leopold H. S.
4 Hassel, Henrik Leino, Eino
5 Gadolin, Jakob Sibelius, Jean

Finnish physicians who are all in the AcademySampo database.

Figure 6: Categories from the Wikipedia linkage

In addition to links, the information about the categories can be utilized in analyses. Figure 6

depicts a graph where the weight of an edge connecting two categories equals the number of

people belonging to both. Observing the graph shows that the most common categories are

Professors, Nobility, and Member of (Finnish) Parliament.



Table 5
Comparison between the four networks (Similarity, Student-Teacher, Families, and Wikipedia) in the
AcademySampo, BiographySampo, and Email datasets using network measures

Measure Similarity Student–Teacher Families Wikipedia Biographies Email

edges 20000 4893 9380 24988 2741 2396
nodes 20418 3159 12183 2628 - -
density 0.98 1.55 0.77 9.50 5.48 4.79
average degree 1.01 3.36 1.54 1.52 - -
HD 17.62 231 10 35.73 323 499
max clique 4 4 2 17 - -
diameter 103 15 12 8 5 7
CCG 0.04 0.05 0 0.34 0.35 0.54
components 2269 6 2806 3 - -
giant component 9338 3146 66 2624 - -
APL 31.70 6.24 6.08 3.09 2.76 1.98
alpha (𝛼) 1.63 1.38 2.01 1.33 1.43 1.87

3.5. Analyzed Networks

Table 4 depicts the top five actors by their Pagerank centrality in the Student–Teacher and

Wikipedia networks analyzed in the previous section. The central actors in the Student–Teacher

network are the same as in Figure 5 while the central actors in the Wikipedia network are

well-known Finnish people of politics and culture. The networks constructed by genealogical

relations and similarity values are different in their nature, so applying a social network statistic

to them would not reveal useful results.

Table 5 contains general metrics of the four networks, (1) The Student–Teacher relations,

(2) the genealogical network, (3) the network based on actor similarities, and (4) network

constructed based on Wikipedia pages. For comparison also the available measures from the

BiographySampo reference network (Biographies) described in [16] as well as the EU Email

Communication Network (Email) analyzed by Hashmi et al. [17] are included in the table. This

table contains first the numbers of nodes and edges in the network. Average degree indicates the

average amount of links for a single node and highest degree (HD) is the highest node degree in

the network. Max clique size is the largest size of a clique. For example, the value 17 indicates

that there exists a subgroup of 8 people who all are linked to one another. The table shows

the number of separated components in the network, and the size of the largest connected

component. The genealogical network is scattered into numerous separated components, while

the three reference networks are all more connected having giant components connecting most

of the data points. The Diameter is the number of edges along the longest path between any

two nodes in the network. Alpha (𝛼) is the constant obtained when a power-law distribution is

fitted on the degree distribution of the network [18]. The Global Clustering Coefficient (CCG)

is the measure of connected triples; the Average Path Length (APL) is the average number of

edges traversed along the shortest paths for all possible pairs of nodes.



The measures provided here are the same as introduced in Hashmi et al., and which were

later analyzes in the context of BiographySampo data. The four networks are different in their

nature; in the network of similarities each node is forced to find a similar pair, the genealogical

network is a directed acyclic graph consisting of relatively small connected components, also

in the network built by student-teacher relationships the triadic closure (CCG) remains low.

However, the measures of the Wikipedia network, specially density, CCG, or diameter, show a

small-world behavior of a social network, as measured for Biographies and Email.

4. Discussion

Work on AcademySampo is continuation to our earlier biographical LOD systems on Norssit

Alumni register [19], the U.S. Congress Prosopographer [20], and BiographySampo [10]. Our

earlier articles provide examples of analyses for BiographySampo data [16] and for the Members

of the Finnish Parliament in the ParliamentSampo system [21, 22]. Extracting Linked Data

from texts has been studied in several works [23]. In [24] language technology was used for

extracting entities from biographies and in [25] from news. With epistolary data the social

networks can be constructing from the letter exchange information [26, 27, 28, 29].

Representing and analyzing biographical data is a new research and application field. In 2015,

the first Biographical Data in Digital World workshop BD2015 was held presenting several works

on studying and analyzing biographies as data [30], and the proceedings of BD2017 contain more

similar works [31]. In [32], analytic visualizations were created based on U.S. Legislator registry

data. The idea of biographical network analysis is related to the Six Degrees of Francis Bacon

system
23

[33, 34] that utilizes data of the Oxford Dictionary of National Biography. In earlier

research, sociocentric and egocentric networks connecting the actors could be constructed from

texts based on, e.g., mentioned names, hypertext links, genealogical relations, or similarities in

characteristics, such as lifetime events [2, 35].

This paper presented the idea of creating various networks of academic students based on

linkage in Linked Data. It was also shown that networks based on different approaches can

reveal different phenomena from the data.
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