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Prostate cancer is the most common cancer type in men in Finted and second

worldwide. In this paper, we analyze almost 150, 000 publiséd papers about prostate

cancer, authored by ten thousands of scientists worldwide,with an integrated text
mining and computational network theory approach. We demostrate how to integrate
text mining with network analysis investigating researchantributions of countries and
collaborations within and between countries. Furthermorawve study the time evolution of
individually and collectively studied genes. Finally, waniestigate a collaboration network
of Finland and compare studied genes with globally studied gnes in prostate cancer
genetics. Overall, our results provide a global overview gifrostate cancer research in
genetics. In addition, we present a speci ¢ discussion for kland. Our results shed light
on trends within the last 30 years and are useful for translanal researchers within the
full range from genetics to public health management and hdgn policy.

Keywords: prostate cancer, text mining, natural language pr
mining, computational network theory, meta-analysis

ocessing, network science, genetics, biomedical text

1. INTRODUCTION

Canceris not a single, homogeneous disease that is not chysesingle gene but by multiple genes
and for this reason forms a complex disease rather than a MamdlseaseHotstein and Risch,
2003; Loscalzo et al., 2007; Altshuler et al., pd0ancer cells grow inside the body involving an
abnormal growth of cells because malfunctioning of gereddéo a denial of apoptosis preventing
cells to die. As a result, cells are growing continuously arelforming tumors that turn into
cancer in the human body. Cancer can have many causes likamiilifestyle, inherited gene
mutations or environmental hazards, e.g., UV radiatidmr(erican Cancer Society, 2018a,b; Cancer
Research UK, 20)8Prostate cancer is the most common cancer type in men inaRohland
second worldwide and in the United States. According to siaittlata fromFerlay et al. (2015)
there are 30.7 (World), 98.2 (USA), and 96.6 (Finland) ASR-&amedardized rate per 100, 000
population) new prostate cancer cases and 7.8 (World), 9.8 (Le8#)12.0 (Finland) ASR deaths
from prostate cancer.
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For this reason, it is not surprising that compared tonetwork of Finland and by comparing the locally studied genes
many other types of human cancer, there is an overwhelminwith globally studied genes in prostate cancer genetics.
number of research articles on prostate cancer in the sctenti  Overall, our results provide a global overview of prostate
literature available Hriedman et al., 2015; Dataset, 2Z1Bor  cancer research in genetics and a speci ¢ discussion foadhl
instance, PubMed (https://www.ncbi.nm.nih.gov/pubmedd), Our results shed light on trends within the last 30 years
repository developed and maintained by the National Centeand are useful for translational researchers within thel ful
for Biotechnology Information (NCBI), provides free accéss application range from genetics to public health management
research articles on prostate cancer from 1949 to 2018 andaad health policy.
keyword search reveals that there are almost 150,000esrticl
available. This huge amount of research articles provides 2 METHODS
very important source for knowledge discovery for all kinds
of interrogations of prostate cancer, e.g., cancer treatmen2.1l. Text Data
detection and the prevention of cancer. In this context,For our analysis we used the becas ARli(es et al., 20)For
text mining plays a marvelous role in knowledge mining,information retrieval (IR) and named entity recognition (W
biomedical entity recognition, gene-cancer relation iieation In Figure 1A, we show the named entity recognition step. In this
and drug discovery. gure, the light green annotated texts passages are the Gamnes

Speci cally, data mining can be used to discover knowledg®@roteins identi ed by becas web API. We collected the PubMed
from big and small data sets with the application of methoddD (PMID) using PubMed API and the becas API for python
from arti cial intelligence and machine learning/épnik, 1995; client was used for retrieving all papers from PubMed. From
Izenman, 2008; Haste et al., 2009; Ye et al., 2016; Jensen ettlae becas APl we obtained the lexml formatted les containin
2017; Emmert-Streib and Dehmer, 201®ne kind of data biomedical annotation. The benet of using becas API is that
mining method for extracting information from text sourcés it annotates the genes and proteins with UniProt accession
called text mining or natural language processin(ining etal.,, numbers, which is an unique identi er for genes and proteins.
1999; Collobert et al., 2011; Jurafsky and Martin, 20Many  From these UniProt accession numbers, we collected all thesge
studies have applied text mining in the eld of biomedicine to and the genes that code proteins mentioned in the abstract. Fo
extract valuable information, e.g., about electronic trecords, this step, we use the UniProt python API to collect all the genes.
chemical exposure to the human body or genotype-phenotype In Figure 1B, we show the corresponding steps for all
relations Cohen and Hersh, 2005; Spasic et al., 2005; Cohafata collections. First, we retrieved all the publicatioakted
and Hunter, 2008; Korhonen et al., 2012; Gonzalez et al5;201to prostate cancer from PubMed. For these publications, we
Singhal et al., 2016; Jensen et al., 2017 obtained the corresponding abstracts of the articles. Heooe

In recent years, text mining has become a very popularst step consists in collecting all abstracts related to gtade
method in cancer research. For instance, text mining has beecancer. To retrieve these publications, we used PubMed API to
used to create databases for multiple cancer types containirige Med-line database. From this, we found 131, 905 publication
information about, e.g., associations with miRNAsi€ et al., related to the human prostate cancer until February 2018rAft
20193, methylated genes)ngenaert et al., 20),/or disease-gene Itering out those papers which do not have an abstract, we
associationsKletscher-Frankild et al., 20)L3urthermore, there obtained 107,534 publications with an abstract. At step 2, we
are studies focusing on individual cancers only. For insean collected 107,534 abstracts related to human prostate cancer
a study byJurca et al. (2016¢xplored the network of genes For this we wrote a python script to identify 736 abstracts from
and the countries of interest from a large number of PubMedhe 107, 534 abstracts which contain the authors' a liatioitiw
articles for breast cancer providing an overview\Vlifang et al.  Finland. At this step, we ended up with two di erent data sets:
(2009) a database speci cally for lung cancer has been createshe for a Finland-centric analysis (abstract: Finland) and @or
containing associations between genes and miRNAs along withworldwide analysis (abstracts: worldwide). At the end gf Ste
experimental evidences involved in the progression of di érenwe have ve di erent data sets. The data sets for Finland (atgh
stages of lung carcinogenesis. from Finland) is subdivided into two categories: the abdsac

In our study, we analyze prostate cancer related publicationfer prostate cancer in general (736 papers) and the abstracts
from PubMed. We analyze almost 150,000 publications witlfior prostate cancer in genetics (530 papers). The dataset éor th
an integrated text mining and computational network theorywhole world (authors from the whole world) is subdivided into
approach Zweigenbaum et al., 2007; Zhu et al., 2013; Dehmehree categories: worldwide prostate cancer in general (B37,5
and Emmert-Streib, 20)investigating trends in prostate cancer papers), worldwide prostate cancer in genetics (42,597 papers),
research worldwide, including a particular discussion g@bouand worldwide prostate cancer outside genetics (64, 937 papers).
prostate cancer research in Finland. Our study demonstrates For the country identi cation, we apply text mining instead
how to integrate text mining with network analysis investipg  of using Google APIl. Google API is a set of application
research contributions of countries and collaborationgwmand  programming interfaces (APIs) which allows the users to use
between countries. Furthermore, we study the time evolutd Google services and their integration to other services. In
individually and collectively studied genes over the ldsy8ars di erent programming languages the users can use Google API
and identify highly studied genes. Finally, we discuss pttest within the code to use Google services. GeoCoding is onedind
cancer research in Finland by investigating a collaboratio Google API that takes the location name as an input and returns
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A
‘,: ,“ NK3 lhomeobox 1| (NKX3.1) up-regulates forkhead box O1 expression in hepatocellular carcinoma and thereby suppresses tumor proliferation
and inv;
reglated n humar primay HCC t: lie’ tssues . Wi
5 1 cel cyse attest attre Cwsubs i«
@ Load leal Anvotatsa 67 consect occnences 11725 [EESCURY
B Step :1 Step :2 Step :3
/E’inland: prostate cancer in general
p N\ 736 papers
abstracts: Finland
%/\
736 papers \E’inland: prostate cancer in genetics
530 papers
\ .
worldwide
PubMed database prostate cancer in general
J
107,534 papers
131,905 papers: L
human prostate
cancer A P
g Y
. worldwide
abstracts: worldwide prostate cancer outside genetics
. J ~
42,597 papers
107,534 papers pap
worldwide
prostate cancer in genetics
64,937 papers

FIGURE 1 | (A) Entity recognition step using the becas web API giving an arotation of PubMed abstracts (Nunes et al., 2013. (B) Data collection steps and the
corresponding publications found.

the longitude and latitude as an output. In our analysis, we rs 2, 500 queries per day, therefore information retrieval wdde
used the GeoCoding python client which takes a text (the naine @aken too long for the whole data set. For all these reasoas, w
the institution) as an input and returns the location inforti@n ~ found text mining to provide faster and more accurate results.
as an output (longitude, latitude, formatted address). Fithis ~ We sub-grouped the a liation('s) of the author('s) and we used
formatted address, the user can identify the country. Hosvgwy  the last part of the subgroup. Then we matched the word with a
using Google APl we encountered several problems. Spegj, calllist of countries of the world and also all the states in the Udite
a lot of countries could not be identi ed due to the position of States, sdeigure 2 By looking at the output le from our queries,
the city and the country in the paper. We noticed also that inwe noticed that in some abstracts, the country identi catis
some papers instead of the country name the author mentionegresented as “NA’ which led us to look at those speci ¢ papers
only a state or a province (for example NY instead of USA)for more details. After investigating the papers we found that
Another reason for not using Google API is that it allows onlyour text mining pipeline could not identify some country names
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FIGURE 2 | Shown is the process how to identify the country associated \ith an author.

based on some locations (e.g., USA could not be identi eddaseublications per country. From this, we selected, e.g., thel®
on the John Hopkins University). We removed those abstractsountries which have the largest number of publications.
(698 abstracts), which we could not identify, the locatiooni In order to use Google sheet for plotting the chord diagrams,
the authors' a liations, from our dataset. we transformed the squared matrix into a three column (namel
In order to nd interesting genes studied over the prostatesource, targets, and values) format where the source and the
cancer research timeline we extracted the year of the pulgita target represent the top ten countries and the value reprasent
and the abstract ID from the two di erent groups of data sets, ashe number of co-occurrence between source and target.
mentioned before. .
We used Python to retrieve data and for named entity2-3- Network Analysis
recognition from the publications. For the data analysis, wecs For investigating the co-occurrence of genes in publicatiome
R and the R packages igraph, NetBioV, ggplot2 are used féPnstructed a gene-gene literature network. In order to kis,t

the data visualization. We also used Google sheet for thedchowe constructed an adjacency matrix (gene-gene co-occeeren
diagrams and the stack bar plots. matrix), A, whereasAjj 2 N gives the number of publications

jointly mentioning gene and geng. Then we applied a threshold
2 to the elements oA constructing a new adjacency mati&by

2.2. Collaboration Data _

To nd the collaborations between countries, we created a B 1 ifA;>2 (1)
square matrix of the unique country names mentioned in ' 0, otherwise

the publications. The elements of the matrix correspond to

the number of co-occurrences of pairs of countries on théVNe set the threshold t@ D 10, which means that we selected
publications. Due to its construction this matrix is symnietr only pairs of genes which were jointly mentioned in more than
Summation of the rows (or columns) gives the total number ofl0 abstracts. The reason for using this threshold is based on
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TABLE 1 | Number of published articles attributed to cities of Finlach “City-Out.” That means we are distinguishing between genes
that have been studied in a specic city or not. As a result,
each gene has now two attributes on which we base our
180 enrichment analysis.

City Publications

Helsinki

Tampere 165 In Table 2we give a formal overview of this resulting in a
Turku 116 contingency table. Each element in the table corresponds to a
oul . count value obtained in the way described above. Here

Kuopio 58

ESpOO 12 nCl D X C n21 (2)
Jyvaskyla 1

gives the total number of genes studied in a particular city an

The publications correspond to genetics research in prostate cancer andhave been
published between 1987 and 2018. Ncz D n12C ng2 (3)

TABLE 2 | Contingency table for the enrichment analysis. gives the number of genes not studied there. Similarly,

City nic D XC npo 4)
In | Out | Total gives the total number of highly studied genes and

X . Yes X ni2 nic

Highly studied (HS) Noc D ny1 C nyo (5)
No N1 | N2 | Nzc

Total nci  Nnep n gives the total number of genes not highly studied. Furthemren

n D nic C nyc D nci C neo gives the total number of genes
The elements in the table correspond to count values of the correspondingariables. studied worldwide.

The Null Hypothesis we are studying for each city Y can be

formulated by the following statement:
the estimated frequency distribution of studied genes fribra

literature. From this distribution, we found that Ho: The probability for a gene to be declared highly
studied (“HS-yes”) and in city Y “City-In" is the same
Pr(gene A and gene B are jointly studied in > 10 publications).0005, as the probability for a gene to be declared highly

studied (“HS-yes”) and not in city Y “City-Out"?

which is very conservative. . N . -
For the visualization of the networks, we used the R package-lz_?}:/ tznegactivsa?;neptlgg (ggég?utlon for this null hypothesig fis
igraph and NetBioV (ripathi et al., 201} 9 yR '
Nci N Nci
P(X) D — 7 (6)

nic

2.4. Enrichment Analysis
A gene set enrichment analysis is a very popular method in
computational biology and biostatisticsifimert-Streib, 2007;
Huang da et al., 2008; Tipney and Hunter, 2R1fh our  From the sampling distribution, we estimate thevalue by
enrichment analysis, we investigate the portion of geneslhvhi X
are studied in the whole world to see whether they are endche p-valueD P(k > x) D P(k) @)
or not, in the three most proli ¢ cities of Finland, s€&ble 1
In order to estimate the enrichment for a list of genes we need
to assign two attributes to each gene. The rst attribute,c&#  For assessing the statistical signi cance we use a sigrie#vel
“HS” (highly studied), is having the two levels, “Yes” and'N of D 0.05.
The second attribute, we call “City,” is having the two Isy#&in”
and ‘out” | _3.RESULTS

Speci cally, our procedure works the following way. First,
we are rank ordering all genes that have been studied.l. General Aspects
worldwide by their number of appearances in the publicationsWe start our analysis by providing an overview of prostate
Second, we group this list of genes into two subcategoriesancer research. Ifrigure 3 we show the time line of the
by introducing a threshold . If the number of appearances research in prostate cancer over the last 67 years (from 1949 t
in publications for a gene is above this threshold, we plac2017). In this gure, we show information about the number
this gene in category “HS-Yes,” otherwise in category “HSef published articles. Speci cally, we show (I) the number of
No.” That means we are distinguishing between genes thgiublished articles for prostate cancer research in genebice (
have been highly studied or not. Third, we give each genkne) and (II) the number of published articles for prostate can
a second attribute, “City.” If a gene has been studied in aesearch outside genetics (violet line). The right y-aggesents
speci ¢ “City” we give the gene the label “City-In,” otherwis the corresponding values for these two curves. This means the

k2fxC1,::,n1cg
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FIGURE 3 | The number of published articles about prostate cancer in tworld and prostate cancer statistics in Finland. The bluewve shows the number of
published articles about prostate cancer in genetics and ta violet curve shows the number of published articles about fpstate cancer outside genetics. In red the
mortality and in green the incidence rate per 100, 000 is show for Finland.

number of articles of type (1) and type (Il) together give théatlo  TABLE 3 | The table provides information about the year the rst publiation
number of published articles on general prostate cancer relsea about a gene has been found and what country/countries conthiuted to this
in the world. Here we categorize an article as “geneticsarele ~ Publication (seefigure 7).

if the abstract mentions gene names. Articles “outside’ejes  gene Country Year
research are, e.g, survival studigs(ansson et al., 1983t public
health studies about quality of life.ifwin et al., 199% KLK3 Italy 1953
From Figure 3 we see that the rst paper about geneticskLk2 Italy 1953
research on prostate cancer appeared in 1953 (sefalde3. ACAD9 Brazil 1965
The total number of published articles from all these years foAR Brazil 1965
all prostate cancer related studies is 131, 905 and for altggms mAPK1 Brazil 1965
cancer research in genetics is 64,937. That means there isn&rki0 Brazil 1965
very large number of articles that has been published in botwarki2 Brazil 1965
categories over the years and the number of articles is stillapki3 Brazil 1965
increasing. Fronfigure 3one can see a steady growth year-bywapki14 Brazil 1965
year and the dip for the years 2016, 2017, and 2018 is only dugpks Brazil 1965
to the delay in the listing of the published articles in PubMeduapke Brazil 1965
Overall, there is a wealth of information that can be extealct yapk7 Brazil 1965
from these papers and in the following, we will present result§pgpps Brazil 1965
from this analysis. MAPKS Brazil 1965
In order to understand the increase in prostate cancegpykyoa United Kingdom 1971
research, as discussed above, we addédgure 3information  sup United States 1973
about prostate cancer in Finland from the year 1953 to 2015,x,5 United States 1976
Speci cally, we show (lll) the new cancer incidence rate pefgyq United States 1976
100, 000 population in Finland (green line) and (V) the moital ¢, ; United States 1976

rate per 100,000 population in Finland (red line) (data are
from the Finnish Cancer Society and the Finnish Cancer
Registry, respectivelpataset, 2003 The left y-axis represents the increased interest in prostate cancer research in the last
the corresponding values for these two curves. 20 years.

As one can see, over the time line, mortality and incidence .
rates are increasing steadily. Unfortunately, since thedgg 3-2. Country-Speci ¢ Research
prostate cancer incidence rate increased severely indipatamy ~ Contributions
new cases year-by-year. A similar increase is observatdéhier In order to obtain an overview of prostate cancer research,
countries as well (not shown). Overall, these gained ratplim ~ we study the country-speci c research contributions. Forsthi
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FIGURE 4 | (A) Country-speci ¢ contributions to prostate cancer researchfrom 12 countries. Dark blue corresponds to results for progate cancer research in
genetics and light blue corresponds to results for general qpstate cancer research. The percentages in blue give the amtry-speci ¢ contributions to genetics
research. (B) Trends of genetics research from 1987 to 2018 showing the pearentage of genetics research. The time intervals correspahto A: 1987-1996, B:
1997-2006, and C: 2007-2018.

analysis, we use information about the a liation of authois  Figure 4A, we show the number of articles published for the 12
identify the corresponding country of the institution. Thedlows  most proli ¢ countries in the world. In this gure the resultof
us to identify the countries associated with a publisheccletiin -~ general research in prostate cancer are shown in light blae an
the following, we distinguish between publications aboutegal the results for genetics research in prostate cancer are shown
aspects of prostate cancer and articles about the genetics infdark blue. The percentages shown in black are given with
prostate cancer. reference to the total number of publications worldwide wéwees

As a result from our text analysis, we nd in total 119 the percentages in blue give the country-speci c contribngdo
di erent countries contributing to articles about generalpects genetics research. For instance, Australia published 2a1Titles
of prostate cancer and 100 countries for articles about thabout general research in prostate cancer which corresponds to
genetics of prostate cancer from 1987 to 2018. Due to the fa2t66% of all publications worldwide in this category. In qast,
that most countries publish only a few articles, we combinéiustralia published 1,444 articles about genetics resemrch
countries that contribute less than 1,000 publications itato prostate cancer which corresponds to 53.2D/d (4442, 714
We group these countries into a category we call “Others.” 11100%) of all publications in Australia about prostate cancer
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research. We call this the percentage of genetics research TWBLE 4 | Results of a linear regression analysis fdfigure 48 .
prostate cancer. .
The country that published the largest number of research

ountry Valueof ; P-valueof 1 Valueof 1 P-value of 4

. . . (First line) (First line) (Second line)  (Second line)

papers on prostate cancer in both cases is the United States.
Speci cally, authors a liated with the United States publishe
46,801 and 29,793 articles, which correspond to 45.87 ang countries 18.08 6.04e-07 1.12 0.056
44.03% of all papers worldwide, respectively. Following thgustaiia 29.37 5.486-05 8.06 0.054
United States, China is ranked second with 6,401 and 5, 25%8ada 16.27 0.0005 3.69 0.169
publications, respectively. The third largest number of pslid  cpina 28.38 0.0003 4.40 0.139
articles on prostate cancer in general come from the Uniteg, e 18.59 0.018 5.038 0.242
Kingdom whereas in the case of genetics research in prostatgan, 23.00 0.001 358 0.262
cancer, Japan is ranked on third position. Interestingly, the, 17.44 0.002 076 0.846
number of publications from “Others” is larger than of all @h ;. .| 23.41 0.0001 2.45 0.510
countries except the USA. Netherlands ~ 15.41 0.02 2.65 0.464

The contributions of authors from Finland to prostate . 1.69 0.070 073 0.237
cancer research in general and genetics research on prost’%gin 18.08 0.030 8.98 0.077
cancer is 736 and 530 publications, respectively, whic K 16.64 0.008 476 0.205
correspond to a percentage of 0.7 and 0.8%, respectiv N 16.03 - 0.14 0.884

(not shown).
The results inFigure 4A shows average values for the yearshown are the values of the slope (1) and the corresponding p-values.

1987-2018. In order to see how genetics research evolviith wit

this time frame we show irFigure 4B trend lines of genetics

research. These trend lines are obtained in the following.way = . o

First, we estimate for every year the country-speci ¢ “petaga ~ 29ain information abou_t t_he a liation o_f authors from the

of genetics research.” That means, we do this separately fBfticles. From these aliations we obtain the country where

every country shown iffigure 4A, and for all countries together. an institution is located. If authors of an article are conn_ml

Second, we form three time intervals A, B, and C correspondinf® Mmore than one country, we assume that these countries are

to A: 1987-1996, B: 1997-2006, and C: 2007—2018. Third, \;;,gllaborating with each other. Hence, this is a direct exien of

perform for every country two linear regressions, one fortinge ~ OUr results presented in the previous section by considerifrg jo

intervals A and B ( rst line) and one for the time intervals B~ contributions to an article. o .

C (second line). In the following, we focus on publications about the genetics

For each of the linear regressions we perform a hypothesis te&t Prostate cancer. Ifigure SA we show a global summary of

for the slope of the estimated regression line, testing: worldwide collaborations between countries andrigures 5B—J
we show results of pairwise collaborations for the nine most
Ho: 1DO. prolic countries. We nd that authors from the United

States most frequently collaborate with authors from China
The results for this are shown ifable 4 For a signi cance level (450 joint publications) and Canada (298 joint publications)
of D 0.05 and a Bonferroni adjustment (we are testing 1$e€Figure 5] compare to all other countries. In general, the
hypothesis), we see that for the rst regression line, theslo MOst frequent collaboration partner of all countries is the
of all of the countries but one (Others) is signi cant. Alsalj USA. Interestingly, only China has a single major collaborat
countries together give a very strong signi cant value Sineans ~ Partner, namely the USA. All other countries collaborate with
most of the countries and all countries together show a sigmit ~ Multiple countries.
increase in the percentage of genetics research betweer 1987 We just want to note that by looking at the results about
1996 and 1997—2006. Overall, Australia shows the largerstdse  Prostate cancer research in general (not shown), we nd thet a
because its slope ig D 29.37. here the USA collaborates most frequently with China (528tjoi

On the other hand, for the second regression line nondPublications) and Canada (465 joint publications).

of the slopes is signicant that means between 1997-2006
and 2007-2018 the percentage of genetics research has not
been changed signi cantly but remained constant. Despite no3.4. Finland-Centric Collaborations
being statistically signi cant, Australia and Spa@ducedheir  Next, we study the Finland-centric collaborations of author
contributions to genetics largest in this time duration cpared from Finland with other countries. In total, we nd that 1, 905

to all others. authors are a liated with Finland who contribute to 736 prosta

. . cancer articles. Ifrigure 6, we show the collaborations between
3.3. Worldwide Collaborations Between Finland and the top 10 countries for prostate cancer research in
Countries general Figures 6A,B, and prostate cancer research in genetics

In this section, we study the collaborations in prostate esnc (Figures 6C,D. Figures 6B,Dare the corresponding bar plots of
research between countries. In order to study this, we uskigures 6A,Cwhich quantify the amount of research articles that
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FIGURE 5 | (A) Summary of worldwide collaborations between countries fopublications about prostate cancer research in genetics(B—J) Pairwise collaborations
between the top nine countries. Self-collaborations givehte percentage of publications with all authors from the sameountry.

have been published in collaboration with Finland and the top 1 3.5. Time Evolution of Studied Gene
countries in the world. It is generally accepted that a single gene defect barelyasese
For prostate cancer research in general, we nd a total ofhe risk or leads to cancer. Instead, it is assumed that the ris
736 publications that include at least one author from Finlandfactors of cancer are due to multiple gene defects, wherels eac
From these, 343 publications have only authors from Finlandof these genes makes a minor contribution to the increasaén t
which corresponds to 46.6% of all publications. For this reaso risk of cancerPukkala et al., 20)30ver the past 30 years, many
this information is not shown inFigure 6B as a bar in the plot researchers were trying to nd genotype-phenotype relations
because this exceeds the collaborations with all otherttimsby  between genes and canc&undem et al., 2015; Khanna et al.,
orders of magnitude. We see clearly that the United Statdwis t 2015; Ylipaa et al., 2015; Bova et al., 20E6r this reason, in
rst in rank collaborating with Finland followed by the United this section we identify the genes that have been studied mos
Kingdom and Germany. With China and Japan, Finland has lesgequently in this period. We present results for (1) all prostat
frequent collaborations. cancer studies in genetics worldwide and for (1) prostatecean
While Sweden is not among the top 10 moststudies in genetics that have been conducted in Finland.a~or
prolic countries in prostate cancer research we nd publicationto be counted as “conducted in Finland”itis suent
that Finland collaborates frequently with Sweden (47f one author has a Finnish a liation.
joint publications). In total, 7,519 genes have been studied worldwide over the
For prostate cancer research in genetics, we nd a total dime line in genetic prostate cancer research. Higure 7A,
530 publications that include at least one author from Finlandwe show the 19 most frequently studied genes during the
From these, 402 publications have only authors from Finlandast 30 years. The three most frequently studied genes, KLK3
which corresponds to 75.85% of all publications Higure 6D, NPEPPS, and AR, have been found being continuously studied.
we see that the United States is again ranked rst followed bffrom our data set, we have noticed that KLK3, NPEPPS,
the United Kingdom and Germany. In prostate cancer researcand AR have been mentioned 9,389, 4,259 and 2,895 times,
in genetic, Spain replaces the Netherlands in collaboratiilg w respectively in the abstracts. Mitogen-Activated Proteinasies,
Finland, compared td-igure 6A. It is striking that Finland has also known as MAP Kinases (MAPK) belongs to CMGC Kinases
only a moderate number of research collaborations with @hin group. Among the 13 members of the MAPK gene family, 9
although China has the second largest number of publications genes are among the top 19 most frequently studied genes in
the world. In total, Finland collaborates with 48 countriagshe  the world.
prostate cancer research. We performed a similar analysis for Finnish publications,
Overall, prostate cancer research in Finland is very FinlandseeFigure 7B. In total, 1,078 genes were studied by Finnish
centered outnumbering the international collaborationy b researchers over the last 30 years (1987-2017) in the area of
far. This is the case for prostate cancer research in genetipsostate cancer research. The most frequently studied gene
and prostate cancer research in general. Interestinglyuring the last 30 years is KLK3 (sé&@&gure 7B). Following
this can be observed similarly for all other countries,KLK3, AR and NPEPPS are the second and third most studied
seeFigures 5B—J genes in Finland. In the year 2015, MYLIP and MARCHS8
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FIGURE 6 | Collaborations between Finland and top 10 countries in praste cancer research.(A,B) show results about prostate cancer research in general and
(C,D) about prostate cancer research in genetics.

have been appeared together in nine publications. Overall, gene has been also studied many times over the time line of

continuous study of KLK3, NPEPPS, and AR is found fromour investigation.

theFigure 7B. In Table 3 we show information about the year when a
Androgen receptor (AR) is a steroid hormone nucleargene has been studied for the rst time. Speci cally, for gver

receptor family. Other members of the steroid nuclear hormon gene inFigure 7 we identify the year it has been studied rst

family are Estrogen Receptor (ER) and Progesterone Receptmnd the country/countries that participated in this study.igh

(PR). AR is located on the X chromosome and androgemomplements the results shown Figures 7A,B because this

is also documented as a signi cant biological action on theanalysis reveals explicitly the initiation of research foogsin

bone, muscle and the prostateDgvey and Grossmann, 2016; a particular gene.

Latonen et al., 2037 In many research articles, AR has

been indicated as a possible cause for the progression and . .

the development of prostate cancemdltering et al., 2011 3.6. Prostate Cancer Research in Finland

The Kallikrein 3 (KLK3) gene is identi ed as a biomarker of For the rest of the paper we are focusing on prostate cancer

prostate cancer by many researcher®er(ney et al., 20).1 research conducted in Finland.

The byproduct of KLK3 is Prostate Speci c Androgen (PSA)

which is used as a biomarker of prostate cancer. KLK3 i8.6.1. Gene-Gene Literature Network Analysis

located on chromosome 19 and found to be over expressdd this section, we will analyze gene-gene networks based on

of in men's prostate cancer cells. After the discovery of thenhe literature where authors are aliated with Finland. Many

connection between AR gene expression and prostate canagesearchers studied gene networks based on gene expression

in the year 1995\(isakorpi et al., 1995 this attracted Finnish data (e.g., Werhli et al., 2006; de Matos Simoes and Emmert-

researchers' interest. Together with the AR gene, the NBEPRtreib, 2012 However, here, we will build networks based on
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FIGURE 7 | Shown are results for the 19 most frequently studied genes iprostate cancer research from 1987 to 2017.(A) Genes studied worldwide,(B) Genes
studied in Finland.

the literature. For this reason, we call these networks @mme  of times over the time line which leads us to investigate the
literature networks. strongest connection between the top most studied gene KLK3
From Figure 8A we see that KLK3 has stronger connections
with NPEPPS than with AR. From the literature data, we
The rst network we built is for the 20 most frequently studie nd that KLK3 and NPEPPS have been studied together in
genes in Finland. We start by creating a gene-gene co-ogecer 52 articles in prostate cancer research in genetics among
matrix, A, wherea\;; 2 N gives the number publications jointly Finnish researchers.

mentioning geneéand geng. In Figure 8Awe show this network.
Here the nodes represent the 20 most frequently studied genes
and the edges between pairs of genes represent the numberNéxt, we extend our study beyond the 19 most frequently stddi
publications they appeared together. The sky blue edges represgenes using all 1,078 genes studied in Finland. That means, we
the least amount of abstracts identi ed among the pairs ofemd construct another gene-gene literature network, howetlés

For example, gene AR and MYLIP have been studied togethéme for 1,078 genes, corresponding to all genes mentioned in
in the least number of abstracts. In another study, we havghe publications with authors from Finland. We construct agai
noticed that AR and NPEPPS have been studied the same amoungene-gene co-occurrence matdy,wheread\jj 2 N gives the

I. Top 20highly studied genes

[I. Communities in the gene-gene literature network
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FIGURE 8 | Literature based gene-gene network for Finland(A) Twenty most frequently studied genes in FinlandiB) Community network resulting from all studied
genes in Finland.

number publications jointly mentioning gerieand geng. Then  subnetworks. Se@ble 5for a summary of the genes found in

we apply a threshol@ to the elements oA constructing a new the communities.

adjacency matri®B by In Figure 8B some genes (AR,KLK3,NPEPPS) are clustered

in one network. This is because researchers mentioned them

( 1 A >D pairwise in many abstracts. A possible reason why these genes
o TANj _ (8) are discussed many times together by many researches is that

0, otherwise they might share the same protein domain or they might have

similar co-expressions. The other large community in thisirg
We set the threshold t& D 10, which means that we selectedis formed by HIST genes, which is isolated from all the other

pairs of genes which were jointly mentioned in more thanmggeuée:é we fsma(ljlers]t c?]mmunlty is formed by ('j\/l\:jl‘lli gnd
10 publications. Overall, this corresponds to a probability o - We found that these two genes were studie times

connecting two genes with more than 10 joint publications oftogether in publications.
< 0.0005 (see Methods section).

The resulting gene-gene literature network is shown in3.6.2. Spacial Collaboration Network of Finland
Figure 8B In total we observe 7 communities and the largest twdn contrast to the previous section, now we study a network
communities are connected by the gene KLK3, Begire 8B representing the collaborations between scientists in Rihla
That means KLK3 acts as a bottleneck between the two largepeci cally, we construct a network where nodes correspond to

B D
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TABLE 5 | Genes belonging to the communities shown irFigure 8B .

Network Gene symbols Number of genes

Network 1 AR, KLK3, NPEPPS, ATP2A2, HOOK2, KIF2A, KLK2, HK2,BNAS5, TGM4, TMPRSS2, KCNH2, HTRAL, HTRAZ2, 23
ELANE, KLK6, TMPRSS11E, ERG, KLK11, PRSS23, TMPRSS3, F2

Network 2 HIST1H4A, HIST1H4B, HIST1HAC, HIST1H4D, HIST1H4E, HISH4F, HIST1H4H, HIST1H4I, HIST1H4J, HIST1H4K, 14
HIST1HAL, HIST2H4A, HIST2H4B, H2AFZ

Network 3 POLR1A, POLR1B, POLR2A, POLR3A, POLR3B, POLRMT 6

Network 4 PRSS2, PRSS3P2, PRSS58 3

Network 5 ERVK19, ERVK6, ERVK10 3

Network 6 MYLIP, MARCH8 2

cities and edge between two nodes corresponds to the numbare interested if genes studied globally are the same as ties ge
of joint publications between scientists of the two citiebal studied in Finland. That means we want to know if the group
means we identify for each author on a paper the city theof highly studied genes outside of Finland corresponds to the
author is located and then we eliminate from this list mulépl genes that are also studied in Finland. In order to formattzs
occurring city names giving a list where each city is onlyquestion, we perform an enrichment analysis.
mentioned once. For instance, for a paper with ve authors, Inourenrichmentanalysis, we investigate the portion of gene
three from Helsinki, one from Tampere and one from Oulu, which are studied in the whole world to see whether they are
this list would include Helsinki, Tampere, and Oulu and weenriched or not in the three most proli ¢ cities of Finland, ese
identify one collaboration between Helsinki and Tamperee on Table 1 In order to estimate the enrichment for a list of genes
collaboration between Helsinki and Oulu and one collabamrat we need to assign two attributes to each gene. The rst attep
between Tampere and Oulu. If there are only authors fromwe call “HS” (highly studied), is having the two levels, "y
the same city on a paper, possibly from di erent institutions, “no.” The second attribute, we call “City,” is having the tlgwels,
we count this paper as one self-collaboration. For instanee, w/in” and “out.”
have the Helsinki University Hospital, University of Helsinki ~ Speci cally, our procedure works the following way. First, we
FIMM lab, and Biomedicum as the main institutions in the are rank ordering all genes that have been studied worldwide
biomedical research arena that are all located in HelsDkerall, by their number of appearances in the publications. Second, we
the resulting network contains spacial information abouteth group this list of genes into two subcategories by introdgca
location of scientists and, hence, it is a literature-baspalcial threshold . If the number of appearances in publications for
collaboration network of Finland. a gene is above this threshold, we place this gene in category
For this network analysis, we collected information abolit a “HS-yes,” otherwise in category “HS-no.” That means we are
laboratories and universities in Finland to which authonm® a distinguishing between genes that have been highly studied
aliated. In Table 1, we show the number of publications for not. Third, we give each gene a second attribute, “City."déae
seven cities in Finland published for the time duration of ourhas been studied in a speci c “City” we give the gene the label
study (1987-2018). The top three proli c cities are Helsjnki “City-in,” otherwise “City-out.” That means we are distinghing
Tampere, and Turku, whereas Helsinki has the largest numbdretween genes that have been studied in a speci c city or rot. A
of publications on prostate cancer (SEble 1). aresult, each gene has now two attributes based on whichsee ba
In Figure 9, we show the spacial collaboration network ofour enrichment analysis (see Methods section for details).
Finland between the cities for genetics research in prostate The Null Hypothesis we are studying for each city Y can be
cancer. Here the nodes of the network correspond to cities anfibrmulated by the following statement:
the edges of the network correspond to the number of joint

publications. One can see frofigure 9 that among all the Ho: The probability for a gene to be declared highly
cities in Finland, Helsinki has the strongest connectiorthwi studied (“HS-yes”) and in city Y “City-In" is the same
Tampere, followed by Turku and Kuopio. Interestingly, Helgin as the probability for a gene to be declared highly

and Tampere have the same number of connected nodes (both  studied (*HS-yes") and not in city Y “City-Out?”
cities are connected to all other cities) depicting that boities
are equally collaborative with other cities. An explanation
this could be given by the size of the cities since the capital c
Helsinki is the largest city in Finland and Tampere the secon
largest in population size.

The above procedure contains exactly one parameterfor

de ning what we mean by highly studied genes. Because
4he correct value for this parameter is unknown, we use 19

di erent thresholds, 7,519, 6,000, 5,000, 4,000, 3,00@01,0
900, 800,700, 600, 500, 300, 200, 100, 90, 70, 50, 20, O, and
repeat our analysis for each of these parameters. Here 7519
3.6.3. Gene Set Enrichment Analysis corresponds to the total number of genes studied worldwide.

In this section, we are looking beyond single genes asstudied In Figure 10 we show the results of our analysis for the

in Figure 7, and investigate genes collectively. Speci cally, wéhree cities in Finland that publish most articles according
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FIGURE 9 | Collaboration network of Finland for genetics research inrpstate cancer. Nodes correspond to cities and edges correpond to jointly published articles.
The numbers provide information about the number of collab@tions between cities (white background) and self-colladrations within cities (yellow background).

FIGURE 10 | Gene set enrichment analysis for the three cities in Finlartat publish most articles in prostate cancer research (se@able 1). We apply a Bonferroni
correction because we are testing 19 hypothesis (one hypotisis for one threshold, ) simultaneously.

to Table 1, Henslinki, Tampere, and Turku. The horizontal because we repeated the analysis 19 times. This provides
dashed line corresponds to the signicance level of D  conservative estimates.

0.0519 we used to declare signicance. We would like to FromFigure 1Q we see thatin the two extreme cases, when no
note that we apply a Bonferroni multiple testing correctiongene has been selected or when all the genes have beendselecte
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nothing was enriched for all three cities as the correspogdiin  would like to note that Jyvaskyla and Espoo have conducted the
values are 1. On the other hand, for all other gene sets that haleast number of studies on those top 19 genes.
been selected for di erent threshold values qgfthese gene sets
are enriched for all three cities. From this we conclude tihat
researchers from Helsinki, Tampere, and Turku have verylaimi 4. CONCLUSION
interests compared to the researchers from the rest of théiror
the eld of genetic prostate cancer research. Given the w@fy | In this paper, we provided a global overview of prostate
p-values (see the scale of the y-axig-igure 10 ranging from cancer research over more than 30 years based on text mining
10 31 down to 10 160 these results are not sensitively dependenpublications in PubMed. We showed results for dierent
on the signi cance level and, hence, are very robust. levels including genes, countries, and cities in Finland an

If one combines these ndings with our results regardingconnections between those utilizing a computational networ
the collaborations between Finland and other countriese (setheory approach.
Figure 6) one wonders why the number of self-collaborations In terms of absolute numbers, the USA contribute by far
are so high given the fact that the genes studied in Finland arthe most number of publications to prostate cancer research in
studied in other countries too? It seem thatthere is a lotrmised general and to genetics (s€gure 4). This is about six times
synergy that could be utilized in the future by establishiveyy  more than all following countries, e.g., China or Germany. We
international collaborations. Alternatively, one couldatry to  further found that genetics research assumes a large podion
reduce the overlap in studied genes by specializing into dlsmahe total research in prostate cancer. Averaged over alltti@sn
number of unique genes to Finland. This would lead to uniques0% of all papers are about the genetics of prostate cancer.

features for Finland. Interestingly, for China we observed 82% which is much highe
than for all studied countries. This could indicate a di erent
3.6.4. Similarity of Research Among Cities research strategy China is implementing by placing more focus

Finally, we study the similarity of prostate cancer researcln genetics research.
between the Finnish cities. For this reason, we are using In order to see if and how the research in genetics changed
hierarchical clustering with Ward's method and an Euclidea over the years we studied the trends in the percentage of
distance. As data we use the publication counts for the gemis agenetics research (s&&gure 4B). Interestingly, we found that
the cities, i.e., we are using a mathikwhereM;; 2 N gives the there are two periods behaving fundamentally di erent. Foe th
number of publications for geneand cityj. In order to reduce  rst period we found a signi cant increase in the percentage of
noice from the data we focus on the top 19 genes most frequentbenetics research between 1987-1996 and 1997-2006 for most
studied worldwide. of the countries and all countries together. In contrast, tioe

In Figure 11A we show the hierarchical clustering for sevensecond period between 1997-2006 and 2007-2018 we found a
cities in Finland, se&able 1 Overall, the hierarchical clustering continuation of the previous levels and even a slight declame f
shows three clusters. One cluster with Tampere and Helsinksome countries, although not signi cant. This indicateatlthe
the second with Kuopio and Turku and the third one with completion of the human genome project in 2003 did have a
Espoo, Jyvaskyla, and Oulu. Our interpretation of the clusters stimulating e ect on genetics research in prostate cancer.
that the cities within these have a common interest for samil Regarding global collaborations in prostate cancer research,
genes. Furthermore, one observes that the two latter chisre  we found the USA to be the single most favorite collaboration
closer to each other and can be merged leaving only two majgartner for all countries, sekigure 5 Furthermore, China has
clusters. The similarity between Helsinki and Tampere inigt@r  the most homogeneous collaboration patterns, which means
complements our ndings about the collaborations betweea th that this country has essentially only one collaboration pert
cities, se€igure 9, where Helsinki and Tampere were connectedhamely the USA. All other countries show heterogeneous
with more links than other cities. patterns by favoring some countries over others. For Fin)avel

We were also interested to see whether certain cities hddund similar results, sefeigure 6.
a greater interest in some specic genes compared to other Interestingly, the percentage of self-collaborations ftr a
cities. For this analysis we used the same top 19 genes as $tudied countries are above 75% (sEigures5 6) which
the hierarchical cluster. For these top 19 genes, the nurnber means only one-quarter of their research has been done with
publications for each gene ranges from 11 to 107. international collaborations in the eld of prostate cancer

In Figure 11B we show the proportions of mentioning of the research in genetics. Japan has an even higher self-caltaiyor
top 19 genes in publications by the cities of Finland. Except forate reaching 89%. Also this could point to a di erent research
ACPP and SLC20A2, Helsinki and Tampere contribute alwaystrategy, similar to China discussed above, by the health
more than 50% to all published articles for all genes. Intergly,  authorities in Japan.
ERG and KCNH2 are exclusively studied by Helsinki, Tampere From investigating the time evolution of studied genes, we
and Turku. The three genes KLK2, NPEPPS and KLK3 werfeund that many genes have been studied over the last 30
mostly studied in Helsinki, while TMPRSS2, ERG and KCNHZ/ears, globally and in Finland, but there are only a few genes
were mostly studied (around 60%) in Tampere. The second moghat have been studied much more frequently than all others.
studied gene in whole Finland is AR which was found in similarSpeci cally, these genes are KLK3, NPEPPS, and AR and,
proportions in research papers of Helsinki and Tampere. Wenterestingly, they are the same globally and in Finland.r@Ne
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FIGURE 11 | (A) Hierarchical clustering of cities in Finland showing thegimilarity of research interests in prostate cancer relategenes. The results are based on the
top 19 genes. (B) Proportions of mentioning of the top 19 genes in publicatios by the cities of Finland.

the results shown ifrigures 7A,Bcould be especially of interest (not as a Mendelian diseasé&distein and Risch, 2003; Loscalzo
for translational researchers interested in applicationsgiag et al., 2007; Altshuler et al., 2008A complex disease can
from genetics to public health management and health policypaturally not be understood by a single gene or a very small
because the provided information can directly inform patient number of genes, but the interplay between many genes forming
related decisions. pathways and regulatory network&grabasi, 2007; Emmert-
When studying the collaborations within Finland, we found Streib, 2007; Hopkins, 2008; Schadt, 2009; Emmert-Straib an
Helsinki as the dominating hub followed by Tampere. Both,Glazko, 201). However, this leads naturally to genomics studies
in terms of the number of collaborations as well as in theinvestigating the whole genome instead of individual genes
connectedness to other cities, gdgure 9. Another interesting In this respect, our study detected this change in mindset in
result we found is that in Finland and in the rest of the world basic research from genetics to genomics despite the fatt tha
researchers have addressed a similar set of genes ovendtieé  individual genes are highlighted in separate publicationsisT
of prostate cancer research from 1987 to 2018,Fgere 10  is interesting because by considering many publications each
Importantly, this is independent of the exact determinatioh o focusing on a small number of genes one obtains results for
the threshold for de ning the set of highly studied genes andmany genes.
hence, is statistically robust (sé&@ure 10. From a biological The last nding highlights the benets of a meta-
point of view, we think the signi cant overlap in highly studle analysis as performed in our study because by
genes re ects the nature of prostate cancer as a complex diseasdlecting thousands of articles we could address
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questions that cannot be addressed by any singlEUNDING
article individually itchenham, 2004; Moher et al,
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