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"Data�Science�and�Informetrics"�(DSI)�is�sponsored�by�Hangzhou�Dianzi�University�(HDU),�

China�Association� of� Science� of� Science�&� Technology� Policy� Research� (CASSSP)� and� the�

Institute�of� Internet� Industry,�Tsinghua�University.�This� journal� is�a�high-level,� international�

peer� review� journal� in� the� field�of�data� science�and� informetrics� jointly�undertaken�by� the�

Academy�of�Data�Science�and�Informetrics,�the�Chinese�Academy�of�Science�and�Education�

Evaluation�and�the�School�of�Computer�Science�at�HDU.�It�is�also�the�association�journal�of�

the�China�Society�for�Scientometrics�and�Informetrics.

���While�based� in�China,� the�objective�of�DSI� is� to�embrace�an� international� vision�of�data�

science�and�informetrics,�to� innovate�and�develop�the�theories,�methods�and�technologies�

of�data�and�informetrics,�and�to�explore�data-driven�interdisciplinary�development�research�

in�data�science�and�informetrics.�Contributions�to�DSI�can�be�submitted�as�research�papers,�

technical�reports,�literature�reviews,�short�communications�and�book�reviews.�We�welcome�

all�manuscripts�from�the�following�fields:�

●Theoretical�foundation�and�conceptual�framework�of�data�science�and�informetrics;

●Data�mining,�data�analytics,�machine�learning�and�knowledge�discovery,�as�well�as�in-

telligent�processing�of�various�data�(including�text,�image,�video,�graph�and�network);

●Big�data�architecture,�infrastructure,�computing,�matching,�indexing,�query�processing,�

mapping,�search,�retrieval,�interopera?bility,�exchange,�and�recommendation;

●Data�science�applications�in�scientific,�business,�governmental,�cultural,�behavioral,�so-

cial� and� economic,� health� and� medical,� human,� natural� and� artificial� (including� on-

line/Web,�cloud,�IoT,�mobile�and�social�media)�domains;

●Ethics,�quality,�privacy,�safety�and�security,�trust,�and�risk�in�data�science;

●The�convergence�of�bibliometrics,�scientometrics,�webometrics,�altmetrics,�informetrics�

within�the�context�of�data�science;

●Informetrics�as�a�research�method�applied�to�research�in�other�quantitative�fields.

���DSI�adheres�to�academic�standards,�anonymous�peer�review,�highlights�the�spirit�of�orig-

inality,�aligns�with�its�world-class�academic�counterparts,�and�strives�to�become�a�platform�

for�experts�and�scholars�in�the�field�of�data�science�and�informetrics.

���DSI�is�published�4�issues�a�year,�and�open�to�public�solicitation�and�distribution�at�home�

and�abroad.�The� ISSN�is:� ISSN�2694-6106� (Online)�and� ISSN�2694-6114� (Print).�The�CEP� is:�

941B0083.

���Manuscript� Submission:� For� now,� authors� should� submit� manuscripts� in� APA� 7th� style�

electronically�to�dsi@hdu.edu.cn.�For�more�information�regarding�submission�guidelines�(e.

g.�manuscript�format),�please�also�contact:�dsi@hdu.edu.cn.�Once�we�have�new�submitting�

channel,�we�will�immediately�update�it�here.�
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Editorial

Welcome�to�the�very�first� issue�of�the�journal�Data�Science�and� Informetrics� (DSI).�The� in-

terdisciplinary� fields� of� data� science� and� informetrics� have� been� extremely� active� in� recent�

years.�DSI�is�created�to�publish�research�results�in�these�fields�and�to�promote�innovative�da-

ta-driven�interdisciplinary�research�across�these�fields.�

���DSI� adheres� to� international� standards� for� scholarly� journals�with� the�goal� to� become� an�

internationally�recognized�scholarly� journal.�We�employ�a�double-blind�peer�review�process,�

and� emphasize� originality� and� quality� of� research.� DSI� is� truly� open� access� and� does� not�

charge�any�Article�Processing�Charges�(APCs)�to�authors.

���DSI�welcomes�contributions�from�around�the�world�reporting�original�research�on�theories,�

methods�and�technologies�in�data�science�and�informetrics.�This�includes�all�metrics�such�as�

bibliometrics,�scientometrics,�webometrics,�and�altmetrics,�as�well�as�all�types�of�data�such�as�

academic�data,�government�data,�business�and�industry�data.�

���We�cordially� invite�you� to� submit�your�work� for�publication� in�DSI.� Your� contributions� to�

DSI� will� not� only� help� DSI� succeed,� but� also� get� feedback� from� our� expert� editorial� board�

members�and�reviewers�as�well�as�become�accessible�widely�and�immediately�upon�publica-

tion.�We�would� like�to�congratulate�the�authors�of�papers� in� this� issue�on�being� the� first� to�

publish�in�DSI.

���We�are�grateful� to� all�members�of� the�DSI� editorial�board� for� accepting�our� invitation� to�

join� the� board� and� to� actively� support� DSI.�We�would� also� like� to� thank� the�many� current�

and�future�expert�reviewers� for�volunteering�their� time�and�expertise� for� the�benefits�of�au-

thors,�DSI,�and�the�community�and�science�as�a�whole.�

���DSI�is�the�official�English�journal�of�the�Chinese�Society�for�Scientometrics�and�Informetrics�

in�collaboration�with�a�number�of�organizations�in�China.�These�include�the�Chinese�Associa-

tion�for�Science�of�Science�and�S&T�Policy,�the�Institute�of�Internet�Industry�at�Tsinghua�Uni-

versity,�and�the�Institute�of�Data�Science�and�Informetrics�at�Hangzhou�Dianzi�University.�

Editors-in-Chief:

Prof.�Junping�Qiu

Institute�of�Data�Science�and�Informetrics,�Hangzhou�Dianzi�University,�China

�

Prof.�Dangzhi�Zhao�

School�of�Library�and�Information�Studies,�

University�of�Alberta,�Canada

Prof.�Fei�Shu�

Institute�of�Data�Science�and�Informetrics,�

Hangzhou�Dianzi�University,�China
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ABSTRACT

The�entering�into�big�data�era�gives�rise�to�a�novel�discipline�called�Data�Science.�Data�Science�is�

interdisciplinary� in� its� nature,� and� the� existing� relevant� studies� can� be� categorized� into�

domain-independent� studies� and� domain-dependent� studies.� The� domain-dependent� studies�

and� domain-independent� ones� are� evolving� into� Domain-general� Data� Science� and�

Domain-specific� Data� Science.� Domain-general� Data� Science� emphasizes� Data� Science� in� a�

general� sense,� involving� concepts,� theories,� methods,� technologies,� and� tools.� Domain-specific�

Data� Science� is� a� variant� of� Domain-general� Data� Science� and� varies� from� one� domain� to�

another.� The� most� popular� Domain-specific� Data� Science� includes� Data� journalism,� Industrial�

Data� Science,� Business� Data� Science,� Health� Data� Science,� Biological� Data� Science,� Social� Data�

Science,�and�Agile�Data�Science.

���The�difference�between�Domain-general�Data�Science�and�Domain-specific�Data�Science�roots�

in�their�thinking�paradigms:�DGDS�conforms�to�data-centered�thinking,�while�DSDS�is�in�line�with�

knowledge-centered�thinking.�As�a�result,�DGDS�focuses�on�the�theoretical�studies,�while�DSDS�is�

centered� on� applied� ones.� However,� DSDS� and� DGDS� possess� complementary� advantages.�

Theoretical� Data� Science� (TDS)� is� a� new� branch� of� Data� Science� that� employs� mathematical�

models�and�abstractions�of�data�objects�and�systems�to�rationalize,�explain�and�predict�big�data�

phenomena.�TDS�will�bridge�the�gap�between�DGDS�and�DSDS.�TDS�contrasts�with�DSDS,�which�

uses� casual� analysis,� as� well� as� DGDS,� which� employs� data-centered� thinking� to� deal� with� big�

data�problems�in�that�it�balances�the�usability�and�the�interpretability�of�Data�Science�practices.

���The�main�concerns�of�TDS�are�concentrated�on�integrating�the�data-centered�thinking�with�the�

knowledge-centered� thinking� as� well� as� transforming� a� correlation� analysis� into� the� casual�

analysis.� Hence,� TDS� can� bridge� the� gaps� between�DGDS� and�DSDS,� and� balance� the� usability�

and�the�interpretability�of�big�data�solutions.�

��� The� studies� of� TDS� should� be� focused� on� the� following� research� purpose:� to� develop�

theoretical�studies�of�TDS,�to�take�advantages�of�active�property�of�big�data,�to�embrace�design�

of�experiments,�to�enhance�causality�analysis,�and�to�develop�data�products.

KEYWORDS

Data�Science;�Big�Data;�Theoretical�Data�Science;�Domain-general�Data�Science;�Domain-specific�

Data�Science
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1 Introduction

The�bottlenecks� in�human�being's�data�capabilities� that� capture�or� create,� store,�manage,�

compute,�analyze�as�well�as�utilize�data�have�been�eliminated�because�of�widespread�appli-

cations�of�novel� technologies.�For� instance,� Internet�of�Things�extends�makes� it�possible� for�

us� to� capture� or� digitalize� the� information� of� total� populations� instead� of� samples;� Cloud�

Computing� virtualizes� computing� resources� and� provides� scalable� on-demand� services� so�

that� we� can� store,� manage,� compute,� and� analyze� data� at� a� low� cost;� Mobile� Computing�

records�the�thoughts,�feelings,�and�behaviors�of�the�individuals�as�well�as�the�social�networks�

between�them.�As�a�result,�we�are�entering�into�a�data�enriched-offerings�era�that� is�distinct�

from�any�previous�era�in�human�history.

���Big�data� is� shifting� today's�scientific�paradigm,�and�giving� rise� to�a�novel�discipline�called�

Data�Science.�How�to�take�advantages�of�big�data�in�order�to�survive�in�data�enriched-offer-

ings�era�is�one�of�the�hot�topics�for�most�disciplines�from�basic�science�such�as�Statistics�and�

Computer�Science�to�applied�sciences,�including�Social�Sciences.�As�a�result,�the�research�on�

big�data�from�different�disciplines�begins�to�converge�on�an�emerging�discipline�called�Data�

Science.�Data�Science�deems�data-centered� thinking�as�an�alternative�paradigm�for�data-re-

lated� tasks,�which� is�different� from� the� knowledge-centered� thinking� in� traditional� research.�

However,�the�studies�of�Data�Science�are�spread�across�a�variety�of�disciplines,�and�we�need�

to�conduct�the�in-depth�research�on�its�core�theories,�main�methods,�typical�techniques,�and�

best�practices.�

���The�rest�of�this�paper�is�structured�as�follows:�Section�2�discusses�the�brief�history,�interdis-

ciplinarity,�and�taxonomy�of�Data�Science,�and�categorizes�the�existing�studies�into�two�basic�

subgroups:�Domain-general�DS� and�Domain-specific�DS.� Then,� Section� 3�proposes� the� cur-

rent� research� topics� of� Domain-general� Data� Science,� including� data� wrangling,� data� com-

puting,� data� management,� data� analysis,� and� data� product� development.� In� addition,� the�

states�of�arts�of� typical�Domain-specific�Data�Science�are�described� in�Section�4:�Data� Jour-

nalism,� Industrial� Data� Science,� Business�Data� Science,�Health�Data� Science,� Biological� Data�

Science,�Social�Data�Science,�and�Agile�Data�Science.�Furthermore,�Section�5�provides�a�com-

parative�study�between�Domain-general�Data�Science�and�Domain-specific�Data�Science,�and�

a�comprehensive�solution� for� integrating� those� two�distinct�branches�of�Data�Science� theo-

ries�by�introducing�Theoretical�Data�Science.�Finally,�in�Section�6,�the�critical�topics�for�Theo-

retical�Data�Science�studies�are�proposed.

2 Data Science: The Science of Big Data

Data�Science�is�a�new�emerging�discipline�that�is�termed�to�address�challenges�that�we�are�

facing�and�going� to� face� in� data-enriched�offerings� era.� It� provides� new� theories,�methods,�

models,�technologies,�platforms,�tools,�applications,�and�best�practices�of�big�data.�And�one�

of�the�main�purposes�of�Data�Science�research�is�to�reveal�the�new�challenges�and�opportu-

nities�brought�by�big�data.

2.1 A Brief History of Data Science

Peter�Naur,�the�Turing�Award�winner,�coined�the�term�of�Data�Science�in�his�book�entitled�

Concise Survey of Computer Methods in� 1974.� He� defined� Data� Science� as� the� science� of�

dealing�with�data,� and� further�proposed� that� it� is�different� from�Datalogy,�which� is� the� sci-

2



ence�of�data�and�of�data�processes�and�its�place�in�education�(Naur,�1974).� In�2001,�William�

S.�Cleveland�published� the�paper,�Data Science: An Action Plan for Expanding the Technical

Areas of the Field of Statistics,�proposing�that�Data�Science�is�an�emerging�branch�of�Statis-

tics.�In�2013,�Nature�published�the�article,�Computing: A Vision for Data Science�(Mattmann,�

2013),� and� Communications� of� the� ACM�published� the� paper,� Data Science and Prediction�

(Dhar,�2013).�Both�of� those� two�articles�discussed� the�Data�Science� from� the�perspective�of�

Computer�Science.�Then,�Data�Science�was�also� identified�as�a�branch�of�Computer�Science.�

Data�Science�has�begun�to�get�much�more�public�attention�since�2010s.�Patil�DJ�and�Daven-

port T H published the article entitled Data Scientist: The Sexiest Job of the 21st Century� in�

Harvard�Business�Review� in� 2012.� Barack�Obama�won� the�presidency�by� implementing� and�

using� big� data� strategies� in� the� 2012� US� presidential� election� (Kitchin,� 2013).� The� White�

House�announced�Patil�DJ�the�first�U.S.�Chief�Data�Scientist�in�2015.

���Data�Science�was�on�an�one-way�trip�to�the�peak�of�inflated�expectations�and�would�enter�

plateau�of�productivity� in�2� -�5�years�according� to�Gartner's� 2014�Hype�Cycle� for� Emerging�

Technologies.�Gartner's�2016�Hype�Cycle� for�Data�Science� is�a�growth�curve� that� shows� the�

breadth�and�depth�of�excitement�about�Data�Science,�with�new�technologies�and�some�sig-

nificant movements from last year. Gartner's 2016 Hype Cycle for Data Science shows: R en-

tered the plateau of productivity; Simulation, Ensemble Learning, Video or Image Analytics

and�Text�Analysis�were�climbing� the�slope�of�enlightenment;�Hadoop-Based�Data�Discovery�

was�obsolete�before�plateau;� Speech�Analytics,�Model�Management� and�Natural-Language�

Question� Answering� have� passed� the� peak� of� inflated� expectations� and� slided� into� the�

trough�of�disillusionment;�Citizen�Data�Science,�Model�Factory,�Algorithm�Marketplaces�and�

Prescriptive�Analytics�have�recently�come�to�light.

2.2 The interdisciplinarity of Data Science

In�2010,�Drew�Conway�proposed�his�Data�Science�Venn�Diagram�(Figure�1)�to�reveal�the�in-

terdisciplinary of Data Science. The Venn Diagram shows that Data Science is a combination

of� hacking� skills,� math� &� statistics� knowledge,� and� substantive� expertise.� Now,� there� are�

many� variations� of� his� Venn� diagram� such� as� Jerry�Overton's�Data� Science� Venn�Diagram�

(2016),�but�all�of�them�are�less�influential�than�Drew�Conway's�Venn�Diagram.�

���Data�Science� is� interdisciplinary,� it�has�three�basic�components:�knowledge,�expertise,�and�

skills.� The� knowledge� in�Data� Science� is� domain-independent,�while� the� expertise� and� the�

skills�are�domain-dependent.�The�knowledge�in�Data�Science�is�evolving�into�Domain-gener-

al Data Science and the expertise and the skills from application fields is the source�of�Do-

main-specific Data Science.

Figure 1 Venn�Diagram�by�Drew�Conway�(2010)
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2.3 Taxonomy of Data Science

Data�Science�is�an�emerging�discipline�that�incorporates�theories�with�domain-independent�

knowledge� and� domain-dependent� business� practices� and� skills.� As� a� result,� there� are� two�

types�of�Data�Science:�Domain-general�Data�Science�and�Domain-specific�Data�Science.�

���Domain-general�Data�Science�regards�Data�Science�as�an�independent�discipline,�while�the�

Domain-specific� Data� Science� argues� that� Data� Science� heavily� depends� on� a� specific�

application�domain.�The�main�research�topics�on�Domain-specific�Data�Science� include�Data�

Journalism,�Materials�Data�Science,�Big�Data� Finance,�Big�Data�Society,� Big�Data� Ethics,� and�

Big�Data�Education.

���Domain-general�Data�Science�is�a�theoretical�foundation�for�Domain-specific�Data�Science.�

Domain-general� Data� Science� involves� the� general� ideas,� theories,� methods,� concepts� and�

tools�of�Data�Science,�Domain-specific�Data�Science� is�commonly�restricted�within�a�specific�

application�discipline.�

3 Domain-general Data Science

Domain-general�Data�Science� is� devoted� to� issues�on�domain-independent�Data� Science,�

involving� concepts,� theories,� methods,� technologies,� tools� and� so� on.� The� counterpart� is�

Domain-specific�Data� Science,�which� are� two� different� terms.�Domain-general� Data� Science�

aims�to�solve�theoretical�challenges�related�to�Data�Science�itself,�including�the�core�theories�

of�Data�Science�and�Data�Wrangling,�Data�Computing,�Data�Management,�Data�Analysis�and�

Data�Products�Development.�It�is�worth�noting�that�the�basic�theories�are�within�the�research�

scope�of�Data�Science,�while�the�theoretical�bases�are�outside�the�scope.

3.1 Core theories

Core� theories� of�DGDS� involve� new� concepts,� theories,�methods,� technologies,� and� tools�

applied�in�Data�Science.�

���Big data and Data Science. Data�Science�is�a�science�about�big�data,�which�covers�a�whole�

set�of�knowledge�system�of�it.�Big�data�is�also�one�of�the�research�objects�of�Data�Science.�It�

is� broken� by� IBM� (2013)data� scientists� into� four� dimensions:� volume,� variety,� velocity� and�

veracity.�Big�data�analytics�is�the�application�of�advanced�analytic�techniques�to�very�big�data�

sets� (Russom,� 2011).� Many� organizations� have� invested� in� developing� products� using� Big�

Data�Analytics� to� address� the�monitoring,� experimentation,� data� analysis,� simulations,� large�

and�disperse�datasets.�Data-Driven:�Data-Driven�refers�to�the�process�of�doing�things�based�

on� big� data� rather� than� purely� on� experience� or� intuition,� such� as� Data-Driven� Decision�

Making�and�Data-Driven�Modelling.� Jim�Gray� (2007)proposed�that�the�scientific�paradigm� is�

shifting� from� Experimental� Science,� Theoretical� Science� and� Computational� Science� to� the�

fourth� scientific� paradigm—Data-Intensive� Science.�More� efficient� data-intensive� techniques�

are� required,� such� as� cloud� computing,� social� computing,� and� biological� computing.�

Datafication� is� the� transformation�of� social� action� into�online�quantified�data,� thus� allowing�

for�real-time�tracking�and�predictive�analysis(Mayer-Schonberger�&�Cukier,�2013).�Along�with�

the�Internet�of�Things�and�Sensors,�Quantified�Self�is�also�a�hot�topic�of�datafication.

���Life Cycle of Data Science. Theories� of� Data� Science� involves� potential� guidance� for� the�

process� of� Data� Wrangling,� Data� Computing,� Data� Management,� Data� Analysis,� Data�

Products� Development.� In� general,� models� are� implementations� of� theory� of� Data� Science

(Das,�2017).�But�Data�Science�has�grown�up�rapidly�in�the�model�applications�of�the�big�data�

..

4



era.� It� has� achieved� successful� practice� in� many� fields,� but� its� theoretical� research� is� still�

lagging�far�behind�its�practical�application.�Theory-guided�Data�Science�was�proposed�as�an�

emerging� paradigm� for� scientific� discovery� from� data� to� the� effectiveness� improvement� of�

Data�Science�models�(Karpatne�et�al.,�2017).

���Methodologies of Data Science. Method�guides� the�direction�of�problem�solving�and�can�

promote� the� development� of� technology.� Technology� is� used� to� solve� the� problem� by�

performing� an� operation.� Data� Science� is� an� interdisciplinary� field� that� requires� methods�

related� to� statistics,�machine� learning,� deep� learning,� data� analysis,� data� visualization,� data�

processing,�cloud�computing,�data�engineering�and�so�on.�But�Data�Science� is�not� to�cover�

all� aspects� of� these� fields,� but� to� unify� some� of� their�methods� to� gain� insights� from� data.�

Technologies�of�Data�Science�are�the�specific�executions�of�these�methods.

��� Technologies of Data Science. Data� scientists� need� to� master� the� popular� technologies�

include:� Linear� Regression,� Resampling� Methods,� Nonlinear� Models,� Variance� Analysis� and�

Time� Series� Analysis,� Decision� Tree,� Support� Vector� Machines,� Random� Forest,� Principal�

Component�Analysis,�Classification,�Clustering,�Semi-supervised�Learning�and�Reinforcement�

Learning,� Deep� Learning,� Data� Collection,� Data� Storage,� Data� Preprocessing,� Data� Mining,�

Natural�Language�Processing,�and�computer�vision.

��� Tools of Data Science. Data� Science� tools� that�most� of� the� data� scientists� used� include:�

open-source� Data� Science� programming� languages,� such� as� Python,� R� and� Julia;� big� data�

computing�tools,�especially�Hadoop�MapReduce�and�Spark;�big�data�storage�tools,�including�

HDFS� and� GFS;� big� data�management� systems,� such� as� NoSQL,� new� SQL,� and� cloud� RDB;�

Data�mining�tools,�such�as�RapidMiner,�Data�Melt;�Data�visualization�tools,�including�Tableau,�

D3.js� and� PowerBI;� Machine� learning� or� Deep� Learning� tools� such� as� TensorFlow,� PyTorch�

and�Keras.

3.2 Data Wrangling

Data�Wrangling� is� the� initial� process� of� transforming� raw�data� into� another� form� for� im-

proving data quality (Kandel et al., 2011). It is the first phase of most data-driven projects

and�known�as�data�wrangling,�data�munging�or�janitorial�work�(Endel�&�Piringer,�2015).�It�al-

so concerns that how to apply data scientists' skills of creative design, critical thinking, and

curious� questioning� to� the� data� wrangling� activities� and� how� to� avoid� Garbage� in� and�

Garbage�out�(GIGO).

��� Data� preparation� accounts� for� about� 80%� of� the� time� of� a� Data� Science� project� (Patil,�

2012).� Data� wrangling� is� the� preparation� for� analysis,� which� involves� the� following� opera-

tions: data auditing,�data�cleaning,�data�conversion,�data� integration,�data�masking,�data�re-

duction, data annotation.

���Data Auditing. Data�auditing�uses�pre-determined�evaluation�methods�to�check�data�quali-

ty�and� identify� its�problems� (Abdallah�et� al.,� 2017),� the�problems� include:�missing�data,� ab-

normal�data,�data�contradicting�each�other,�tampered�data�that�cannot�be�traced�back�to�its�

source.�Taleb�et�al.�(2018)�proposed�an�across-the-board�quality�management�framework�de-

scribing�the�key�quality�evaluation�practices�to�be�conducted�through�the�different�Big�Data�

stages.

���Data Cleaning. Data�cleaning�is�the�process�of�altering�messy�data�to�tidy�data�by�filtering�

duplicate�data,� identifying� incorrect�data,� and�processing�missing�values.�However,�big�data�

processing� is�different� from� the� small-scale� data� preprocessing� in� that� the� former� has� high�

robustness�with�low�data�quality.�Big�data�cleaning�aims�to�promote�the�quality�of�data�form,�

whether�the�data�is�Tidy�Data.�Hadley�Wickham�(2014)�put�forward�the�concepts�of�Tidy�Data�
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as� well� as� Data� Tidying,� and� proposed� that� Tidy� Data� should� follow� three� basic� principles:�

each�variable�must�have�its�own�column;�each�observation�must�have�its�own�row;�each�value�

must� have� its� own� cell.� In�most� cases,� completely� tidy� data� cannot� be� obtained� after� once�

data�cleaning�operation.�Therefore,� these�middle�data�that�may�contain�messy�data�need�to�

be�audited�again�and�then�cleaning�is�continuing.�Müller�and�Freytag�(2005)�pointed�that�da-

ta�cleaning� is�an� iterative�and�normally�never� finished�process�that�consists�of� the�four�con-

secutive� steps:� data� auditing,�workflow� specification,�workflow� execution� and� post-process-

ing�and�controlling.�

���Data Conversion. When� the� form�of� the�original�data�does�not�meet� the� requirements�of�

the�analysis�algorithm,� it� is�necessary�to�perform�Data�Conversion�on�the�original�data� from�

one�data� format�or�one�big�data�environment�to�another� (Gao�et�al.,�2016).�The�usual� tech-

niques� for�data�conversion� include:� smoothing�data�by�binning�regression�and�clustering� to�

remove�noise�from�the�data�(Han�et�al.,�2011),�constructing�new�features�based�on�other�fea-

tures,� and� performing� data� standardization� such� as�Min-max� normalization� and� zero-mean�

normalization.

���Data Integration. Data�integration�is�the�practice�of�combining�data�from�different�sources,�

and�then�providing�the�user�with�a�unified�view�of� these�data� (Lenzerini,�2002).�Representa-

tive�tools�and�techniques�for�data� integration�include�Manual� Integration,�Common�User� In-

terface,� Integration� by� Applications,� Integration� by� Middleware,� Uniform� Data� Access,� and�

Common�Data�Storage�(Amghar�et�al.,�2019).�But�there�are�many�challenges�for�the�process�

of�data�integration,�such�as�the�entity�identification�problem,�some�attributes�of�the�data�set�

are�redundant,�different�data�sources�have�different�measurement�scales.

���Data Masking. The�main�purpose�of�data�masking�is�to�protect�sensitive�data�(Kuacharoen�,�

2014),�such�as�someone's�address�or�phone�number.�Specifically,�data�masking�is�the�process�

of�transforming�the�individual�(or�organization)�sensitive�data�to�reduce�the�sensitivity�of� in-

formation�on� the�premise�of�not� affecting� the�accuracy�of�data� analysis.� Typical� techniques�

for�data�masking�include:�substitution,�shuffling,�number�and�date�variance,�data�encryption,�

deleting�sensitive�data�and�replacing�with�NULL�values�(Sarada�et�al.,�2015;�Mansfield-Devine,�

2014).

���Data Reduction. Miles� and� Huberman� (1994)� explained� that� Data� reduction� is� a� form� of�

analysis�that�sharpens,�sorts,� focuses,�discards,�and�organizes�data� in�such�a�way�that�"final"�

conclusions�can�be�drawn�and�verified.�Data�reduction�hardly�affects�the�results�of�data�anal-

ysis�subsequently.�There�are�two�methods�used�commonly�for�data�reduction:�dimensionality�

reduction�and�numerosity�reduction�(Ghojogh�&��Crowley,�2019).�The�former�usually�uses�lin-

ear� algebra�methods� such�as�PCA,� SVD,� FLDA�and�DWT,� the� typical�method�of� the� latter� is�

SOS�(Kalegele�et�al.,�2013).

���Data Annotation. Data�Annotation�is�the�process�of�adding�metadata�to�the�data�enabling�

modelling�(Nagowah�et�al.,�2019)�which�is�adding�necessary�contexts�of�color,�texture,�shape,�

keywords,� or� semantic� information.� Data� Annotation� involves� coding,� rating,� grading,� tag-

ging,�and�labeling�of�data�(Carpenter,�2008).

���Data�Wrangling� tools� include�Excel,�SQL,�Python,�R,�and�Trifecta.� In� traditional�data�ware-

housing,�Data�Wrangling�was�carried�out�using�Extract-Transform-Load�(ETL)�platforms,�with�

significant�manual�involvement�in�specifying,�configuring�or�tuning�many�of�them�(Koehler�et�

al.,� 2017).� It� is� needed� to� adopt� adaptive,� pay-as-you-go� solutions� that� automatically� tune�

the�wrangling�process,�which�means�that�users�are�able�to�contribute�effort�to�the�process�of�

data�wrangling�in�whatever�form�and�at�whatever�moment�they�choose�(Furche�et�al.,�2016).
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3.3 Data Computing

The�next� step�of� data� preparation� is� to� gain� an� insight� into� the� value� from�big�data� and�

solve� various� problems� of� big� data.� Big� data� computing� is� an� effective� way� that� combines�

large�scale�compute,�new�data� intensive� techniques�and�mathematical�models� to�build�data�

analytics�(Kune�et�al.,�2016).

���The�four�dimensions�(volume,�variety,�velocity,�and�veracity)�of�big�data�bring�challenges�to�

traditional� methods� of� data� computing.� Firstly,� the� volume� of� big� data� is� exploding.� Data�

computing�can�no�longer�be�done�by�a�single�computer,�but�can�only�be�shared�by�multiple�

machines.�Secondly,�the�types�of�big�data�is�various.�Christie�Schneider,�a�Watson�marketing�

lead�of�IBM,�claimed�that�more�than�80%�of�today's�data�is�unstructured�(Schneider,�2016).�It�

is�hard�to�present�in�columns�and�rows�and�calculated�in�a�structured�database.�The�unstruc-

tured data is a big hurdle in computing and analysis part as they do not have a common�for-

mat� (Prasad�&�Agarwal,� 2016).� Thirdly,� the�data� is� growing� at� a� high� speed,� and� about� 1.7�

megabytes�of�fresh�information�will�be�created�every�second�by�2020�(Dadheech�et�al.,�2019).�

Fourthly, veracity of the data will directly affect the results of data calculation and data�analy-

sis. Veracity is probably the toughest nut to crack, and one of the biggest problems�with�big�

data is the tendency for errors to snowball (Tee, 2013). There are a lot of false,�noise,�or�dirty�

data mixed in with valuable data. How to calculate these data is a big problem�for�traditional�

data computing technology.

Therefore,�the�traditional�methods�of�data�computing�are�not�suitable�for�big�data.�A�solu-

tion dividing data into small data units and calculating in the storage place where the data�is�

located�was� found.�Cloud�computing� is� a�distributed� computing�paradigm�and�differs� from�

traditional� ones� such� as� centralized� computing� and� grid� computing.� The� emergence� of�

MapReduce�promoted� the�development�of� big�data� computing,� and� it� has� quickly� become�

the�current�mainstream�tool�of� the�big�data�computing�models.�There�are�also�some�repre-

sentative tools of cloud computing: Google GFS, Google BigTable, Spark and YARN.

Batch�computing�and�stream�computing�are� two� important� forms�of�big�data�computing�

(Sun�et�al.,�2015).�Batch�computing�is�a�big�data�computing�method�in�which�data�is�collect-

ed uniformly, stored in a database, and then processed in batches. Streaming computing� is�

to�process�the�data�stream,�which�is�a�method�of�requiring�real-time�computing.�Nowadays,�

there� are�many� researches� and� applications� related� to�batch� computing.� The�basic�MapRe-

duce model and its implementations like Hadoop, is completely focused�on�batch�processing�

(Shahrivari,� 2014).�Hadoop� provides� a� distributed� file� system� and� off-line� batch� computing�

framework� (Lin� et� al.,� 2013).� The� traditional� batch� computing� process� is� carried� out� after� a�

certain�amount�of�data� is�accumulated;� stream�computing�can�achieve� real-time�processing�

and�effectively�reduce�processing�delay.�While�big�data�is�becoming�ubiquitous,�the�demand�

for� large-scale� processing� of� data� streams� is� becoming� increasingly� urgent,� which� leads� to�

the�sprout�of�many�distributed�stream�computing�systems�(Lu�et�al.,�2014).�The�current�wide-

ly used stream computing frameworks are Spark Streaming,�Flink,�Storm,�S4�and�Kafka.

3.4 Data Management

Data�management�refers�to�management�activities,�including�acquiring,�validating,�storing,�

and�processing�required�data�to�ensure�the�accessibility,�reliability,�and�timeliness�of�the�data�

to�users�(Myers,�2019).�Data�Management�Maturity�(DMM)�model�is�a�comprehensive�frame-

work�designed�in�2014�by�CMMI�of�data�management�practices�in�six�key�categories�include:�

Data� Strategy,� Data� Governance,� Data� Quality,� Data� Operations,� Platform� &� Architecture,�

Supporting� Processes.� According� to� the� CMMI's� introduction� (2019),� it� is� used� to� "provide�
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the� best� practices� to� help� organizations� build,� improve,� and�measure� their� enterprise� data�

management� capability� allowing� for� timely,� accurate� and� accessible� data� across� your� entire�

organization".�While� in� the�age�of�big�data,�data�management� is� the�practice�of�organizing�

and�maintaining�data�processes�to�meet�ongoing�big�data� lifecycle�needs.�Managing� the�u-

biquitous�big�data� is�a�challenge� for�data�scientists.�A�database� is�a�structured�collection�of�

data� stored� in� a� computer� (Bai�&� Bhalla,� 2020).� Users� store� the� data� of� transactions� to� be�

managed� in�the�database,�which�helps�to�organize,�maintain,�process,�and�utilize�data�more�

conveniently.� Data� scientists� must� be� proficient� in� not� only� traditional� relational� database,�

but�also�some�emerging�technologies�such�as�NoSQL,�NewSQL�and�relational�cloud�for�data�

management.

���Database,�Data�Warehouse�and�Data�Lake�are�different�data� storage�approaches� for�data�

management.�Table�1�shows�the�studies�that�related�to�database,�data�warehouse,�data�lake.

Table 1 Comparison�between�database,�data�warehouse�and�data�lake

oriented

application -oriented ( Velicanu

& Matei, 2007; Bontempo &

Zagelow, 1998; Warners &

Randriatoamanana, 2016)

subject -oriented ( Velicanu &

Matei, 2007; Bontempo & Za鄄

gelow, 1998; Warners & Ran鄄

driatoamanana, 2016; Meredith

et al., 2008)

operation -oriented ( John &

Misra, 2017)

data

Structured (Bontempo & Za鄄

gelow, 1998)

Structured ( Bontempo & Za鄄

gelow, 1998)

Structured, Semi -structured,

Unstructured (original forms)

(Khine & Wang, 2018; John &

Misra, 2017)

objective

support the operational system

( Velicanu & Matei, 2007;

Meredith et al., 2008; Vaisman

& Esteban, 2014; Lechten鄄

borger & Vossen, 2003)

support the decision -making

system ( Velicanu & Matei,

2007; Meredith et al., 2008;

Vaisman & Esteban,2014; Mal鄄

lach, 2000; Lechtenborger &

Vossen, 2003)

Support dynamic analytical

applications ( for query)

(Khine & Wang,2018; John &

Misra,2017)

integration

Update

frequency

Usage

Limited integration ( Bontempo

& Zagelow,1998)

High ( Bontempo & Zagelow,

1998; Meredith et al., 2008;

Vaisman & Esteban,2014)

Predictable retrieval (Bontem鄄

po & Zagelow,1998; Meredith

et al., 2008; Vaisman & Este鄄

ban,2014)

Integrated ( Bontempo & Za鄄

gelow,1998; Warners & Randri鄄

atoamanana,2016; Meredith et

al.,2008; Lechtenborger &

Vossen,2003)

Low ( Bontempo & Zagelow,

1998; Warners & Randriatoa鄄

manana,2016; Meredith et al.,

2008; Vaisman & Esteban,

2014; Lechtenborger & Vossen,

2003)

Ad hoc retrieval ( Bontempo &

Zagelow,1998; Meredith et al.,

2008;Vaisman & Esteban,2014;

Lechtenborger & Vossen,2003)

Integrated ( Miloslavskaya &

Tolstoy,2016)

High ( Khine & Wang,2018;

Aftab & Siddiqui,2018)

Real time analytics (Madera &

Laurent,2016)

..

..
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3.5 Data Analysis

Exploratory�Data�Analysis� (EDA)�was�proposed�by�American� statistician� John�Tukey� in� the�

1970s�(Tukey,�1977).�Any�activity�of�a�Data�Science�project�starts�with�EDA�(Putatunda�et�al.,�

2019).�When�data�scientists�are� faced�with�a�variety�of�messy� "dirty�data"�and�do�not�know�

how� to� understand� the� data� immediately.� Exploratory� data� analysis� is� an� effective� way� to�

help�them�achieve�the�purpose�of�data�understanding�and�lay�the�foundation�for�subsequent�

data�analysis.

���According�to�purposes,�the�data�analysis�can�be�divided�into�descriptive�analysis,�predictive�

analysis�and�prescriptive�analysis� (Sivarajah�et�al.,�2017).�Descriptive�analysis� is�most�used� in�

business�analysis�and�it�mainly�solves�the�problem�of�"what�has�happened"�by�analyzing�the�

collected�data� to�obtain�various�quantitative� characteristics� reflecting�objective�phenomena.�

It� includes�data�dispersion�analysis,�concentration�analysis�and�frequency�analysis.�Predictive�

analysis�is�based�on�history�and�facing�the�future�and�it�mainly�focuses�on�what�will�happen�

in�the�future�by�the�means�of�data�mining�and�statistical�modeling�tools�to�analyze�historical�

data,� so� as� to�predict�what�will� happen� in� the� future�or� the�probability� that� something�will�

happen.� A� typical� method� of� predictive� analysis� is� time� series� analysis.� Finally,� prescriptive�

analysis�is�a�practice-oriented�method�mainly�to�solve�the�problem�of�"what�should�be�done"�

Access

type

Read,insert,update,delete

(Meredith et al., 2008;Vaisman

& Esteban,2014)

Read,append only (Vaisman &

Esteban,2014),select (Meredith

et al., 2008)

Read and write (Khine &

Wang,2018;Miloslavskaya &

Tolstoy,2016)

Response

time

Short (Vaisman & Esteban,

2014;Lechtenborger & Vossen,

2003)

Can be long (Vaisman & Este鄄

ban, 2014)

Short (Madera & Laurent,

2016)

normalized

level

normalized tables (Warners &

Randriatoamanana,2016;

Meredith et al., 2008;Vaisman

& Esteban,2014)

non-normalized(Warners &

Randriatoamanana,2016;

Meredith et al., 2008;Vaisman

& Esteban,2014)

non-normalized(Southwick,

et. al., 2015)

Access fre鄄

quency

High (Meredith et al., 2008;

Vaisman & Esteban,2014)

From medium to low (Meredith

et al., 2008;Vaisman & Este鄄

ban,2014)

accessible as soon as it is

created (Khine & Wang,2018;

Miloslavskaya & Tolstoy,2016)

Data mod鄄

eling

User type

UML, ER model (Meredith et

al., 2008;Vaisman & Esteban,

2014;Lechtenborger & Vossen,

2003)

Operators,office employees

(Vaisman & Esteban,2014)

multidimensional model (Mered鄄

ith et al., 2008;Vaisman & Es鄄

teban, 2014; Lechtenborger &

Vossen, 2003; Mallach, 2000)

Managers,executives (Vaisman

& Esteban, 2014), analysts

(Meredith et al., 2008)

No specific data model (John

& Misra,2017;Aftab & Siddiqui,

2018)

Data Scientists (especially

those familiar with domain)

(Madera & Laurent,2016)

..

.. ..
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by� analyzing�what� has� happened,� the� causes� of� events� and� various� possibilities� in� order� to�

help�users�determine�and�choose�the�best�actions�and�measures.

���Traditional�data�analysis� is�deeply� influenced�by� the� formal� theories�of� statistics� (Tukey�&�

Wilk,�1966).� It�mainly�uses�sampling�data�to� infer� the� real� situation,�which�means� that� tradi-

tional data analysis needs to extract useful information when the amount of data is limited.�

With�the�rapid�growth�of�data�volume�in�modern�society,�traditional�data�analysis�is�gradual-

ly turning to big data analysis. Big data analysis is mainly to acquire insights from all data�

(not�sampling�data)� to� support�decision�making,�without�considering� the�distribution� status�

of� data� and� without� hypothesis� testing.� Traditional� data� analysis� tools� are� not� enough� to�

manage�big�data,�so�some�open-source�tools�for�big�data�analysis�are�indispensable�to�Data�

Science.�The�most�popular�open-source�tools�for�big�data�analysis�are�R�and�Python.

3.6 Data Products Development

Data�Product�is�a�kind�of�product�that�facilitates�an�end�goal�through�the�use�of�data�(Patil,�

2012).�Data�product� development� is� indispensable� for�Data� Science.�Data�product� develop-

ment activities are rarely undertaken in a traditional product development sequence that� in-

volves identifying the need, developing the product. On the contrary, data product develop-

ment activities often take place in a continuous, iterative fashion, with the important activi-

ties conducted in parallel (Davenport & Kudyba, 2016). And the ability to develop data prod-

ucts is becoming increasingly critical to every business in big data era. Therefore, one of the�

missions�of�Data�Science�project�is�to�develop�data�products.

���Unlike�traditional�industrial�products,�data�products�can�be�entities�or�invisible�objects.�Cao�

(2017)�defined�data�product�as�an�output�of�Data�Science�which�is�"from�data,�or� is�enabled�

or� driven� by� data,� and� can� be� a� discovery,� prediction,� service,� recommendation,� deci-

sion-making insight, thinking, model, mode, paradigm, tool, or system". Data product refers�

to� anything� that� can�help�others�use�data� to� achieve�goals.�For� example,�Google�Glass� is� a�

data�product�enabled�by�Google�big�data.�Data�products�include�data�set�products,�informa-

tion products, knowledge products, and intelligence products.

Data� product� development� involves� all� activities� of� the� Data� Science� project� process,� in-

cluding�datafication,�data�munging,�data�tidying,�exploratory�data�analysis,�data�analysis,�da-

ta product�development.�Not�only�is�the�result�of�a�Data�Science�project�a�data�product,�but�

the� intermediate�product� created�by�each�activity� is� also� a�data�product.�Data� Jujitsu� is� the�

art�of�turning�data�into�products�(Patil,�2012).� It�focuses�on�that�the�process�of�data�product�

development�must�be�highly�artistic�and�centered�on�target�users.�

4 Domain-specific Data Science

Researchers� from� different� disciplines� have� shown� their� own� distinct� concerns� and� per-

spectives on Data Science. The new term of Data Science and its variant concepts are widely

used�in�Domain-specific�Data�Science.�There�are�nine�hot�topics�in�domain-specific�Data�Sci-

ence literature.

4.1 Data Journalism

As� one� of� the� new� research� directions� of� Journalism,�Data� Journalism� is� a�way� of� seeing�

journalism�as� interpolated� through�the�conceptual�and�methodological�approaches�of�com-

putation�and�quantification�in�the�era�of�big�data�(Parasie�&�Dagiral,�2013;�Lewis,�2015).�The�

development�of�data�journalism�has�roughly�gone�through�the�following�three�stages.�At�the�
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beginning,�the�typical�event�is�the�report�titled�Investigation�of�the�Education�System�for�Ju-

venile� in� The� Guardian� in� 1982.� This� report� breaks� the� narrative� mode� of� traditional� news�

(Timetoast,� 2021).� However,� data� journalism� in� that� period� lacked� the� necessary� technical�

means,�and�there�was�no�systematic�theoretical�support�and�was�only�scattered�attempts.� In�

the� period� of� precision� journalism,� the� typical� event� is�Meyer's� "Precision� journalism:� A� re-

porter's�introduction�to�social�science�methods�(Meyer,�2002).�Statistical�and�social�survey�re-

search�methods�are� introduced� into�news�practice� to� collect�data� scientifically� and� improve�

the� accuracy� and� objectivity� of� data� in� news� reports.� Although� the� data� at� this� stage� was�

paid�attention�to,�news�reports�were�still�mainly�narrative.�Figures�and�charts�were�also�only�

auxiliary�to�news�reports.� In�the�period�of�data� journalism,�the�typical�event� is� the�establish-

ment�of�Data� Journalism�Awards� in�2012.�This�marks� the�beginning�of�data� journalism�as� a�

new�form�of�news�that�has�received�widespread�attention.

���Research�hotspots�of�data�journalism�include�the�following�aspects:�Talent�training�of�data�

journalism,�presentation�of�data� journalism,�combination�of�data� journalism�and�artificial� in-

telligence.�The�talents�required�for�data�journalism�have�interdisciplinary�characteristics.�They�

not�only�need�to�understand�traditional�news�acquisition�and�editing�methods,�but�also�need�

to�master�the�theories�and�techniques�of�Data�Science.�Therefore,�how�to�establish�a�new�tal-

ent� training� model� that� meets� the� needs� of� data� journalism� has� become� a� hot� issue� dis-

cussed�by�academia�and�journalism.�For�example,�"The�Data�Journalism�Handbook"�co-writ-

ten�by�journalists�from�various�countries�provides�practical�operating�procedures�and�classic�

cases�for�talent�training�(Gray�et�al.,�2012).�Computational�Journalism�courses�are�available�at�

Columbia� Journalism�School� and� Stanford�University� (Jstray,� 2012;�Nguyen,� 2016).� The� pre-

sentation� of� data� journalism� has� changed� from� the� original� table� and� visualization� to� the�

present�storytelling�and�gamification.�This�has�always�been�a�hotspot�in�this�field.�Storytelling�

of�data� is�different� from�visualization.� It�can�provide�data� journalism�with�stronger�narrative�

and�better�user�experience.�Gamification� is� the�use�of�games� to� tell� data� stories,�which� can�

capture�readers'�interest�more�than�traditional�news.�The�combination�of�data�journalism�and�

artificial�intelligence�has�become�a�new�trend�in�the�development�of�data�journalism.�For�ex-

ample,�Reuters�began�to�use�artificial� intelligence�technology�to�track�social�media�networks�

such�as�Twitter�to�obtain�newsworthy�events�and�discussions� in�2017�(Matthews,�2019).�This�

approach�can�save�a�lot�of�labor�and�time,�so�it�has�been�imitated�by�many�news�media.�The�

Post�uses�artificial� intelligence� technology� to�combine�data�with�story� templates� to�develop�

software�for�automatic�news�writing�(Underwood,�2019).

��� The� research� challenges�of� data� journalism�mainly� include� two� levels:� data� and� technical.�

The�difficulty�at�the�data�level�lies�in�how�to�judge�the�reliability�of�the�data�source�and�how�

to� ensure� that� the�data� is� true�during�data�processing� and� analysis.� Common�data� sources�

currently� include� publications,� traditional�media,� the� Internet,� government� public� data,� and�

public�geospatial�data.� It� is�generally�believed�that�government�public�data�and�publications�

have�high� credibility,�while� the�data� authenticity� on� the� internet� is� low.�Data� authenticity� is�

the�life�of�data� journalism,�but� it� is�not�easy�to�achieve�data�authenticity� in�the�practical�ap-

plications.�For�example,�operations�such�as�cleaning,�conversion,�merging�or� reshaping�data�

during�data�processing�may�inadvertently�cause�data�errors.�Thus,�the�data�is�not�true.�Tech-

nical�difficulties,�from�the�perspective�of�practitioners�of�data�journalism,�are�mainly�the�diffi-

culty�of�mastering�new�technologies.�For�example,� it� is�not�easy� to�master� the� technologies�

commonly�used�in�the�field�of�data�journalism,�such�as�data�analysis�models,�artificial� intelli-

gence�technologies,�Java,�HTML,�and�Python.�From�the�reader's�point�of�view,�technology�in-
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evitably� increases�the�cognitive�burden�when� it�provides�an� intuitive�presentation�effect.�For�

example,� Java-based� interactive� data� journalism� often� requires� the� installation� of� corre-

sponding�software�to�run�normally.

���There�are�many�typical�applications�of�data�news,�which�mainly� focus�on�health�news�and�

financial� news.� Take� health� news� as� an� example,� "Battling� Infectious� Diseases� in� the� 20th�

Century:� The� Impact�of�Vaccines"� from�The�Wall� Street� Journal� (DeBold�&� Friedman,� 2015).�

The�background�of� the�work�was� that�many� families� in� the�United� States� believed� that� the�

children�were� too� young� to� have� an� inoculation,�which�would� affect� the� health�of� the� chil-

dren.�Using�a�calendar�heat�map,�based�on�70�years�of�publicly�available�government�data�in�

the�United�States,�the�team�created�the�work,�which�shows�that�vaccination�has�led�to�a�sig-

nificant� decline� in� the� number� of� people� falling� ill� from� the� epidemic.� This� work� reassured�

fearful�parents�with�real�data.

���The�main�breakthrough�of�data�news� is� the�construction�of�professional�data�news� teams�

and� the� positive� usage� of� new� technologies.� The� production� of� data� news� is� a� process� in�

which�multiple� departments� cooperate� and�multi-types� of�work� full� participate.� It� is� neces-

sary�to�break�the�internal�departmental�restrictions�of�traditional�news�organizations�and�es-

tablish�a�professional�data�news�team�that�meets�the�new�needs�of�the�development�of�data�

news.�Team�members�should�cover�all�types�of�work�of�data�news�production,�from�journal-

ists�and�editors�to�designers�and�technicians.�At�present,�data�news�mainly�uses�data�visual-

ization� technology� to� visualize�data.�However,�data� visualization� is�not� the�only� choice.� The�

rise�of� artificial� intelligence� technology�provides� a�new�opportunity� for� the�development�of�

data�news.�The�automatic�generation�of�data�news�has�become�a�new�trend�in�data�news�u-

tilization�technology.

4.2 Industrial Data Science

Industrial�big�data�mainly�studies�how�to�apply�big�data�in�the�field�of�industrial�manufac-

turing,� so�as� to� realize� the� innovation�of� industrial�manufacturing.�Different� from� the�previ-

ous� focus�on� internally� structured�data,� industrial�big�data�needs� to� focus�on� the�entire� life�

cycle�data�of�products�and�services� in� the� industrial� field,� including�structured�and�unstruc-

tured�data�(Ministry�of�Industry�and�Information�Technology�of�the�People's�Republic�of�Chi-

na,�2020).

��� The� research�hotspots� in� the� field�of� industrial� big�data� can�be�divided� into� two� aspects:�

How� to�establish� industrial� big�data� and�how� to� use� industrial� big�data.�Different� countries�

have�put�forward�different�plans�on�how�to�establish� industrial�big�data,�the�most�represen-

tative�of�which�are�German�Industries�4.0,� Industrial� Internet�of� the�United�States�and�Made�

in�China�2025.�In�the�practice�of�industrial�big�data,�research�hotspots�can�be�subdivided�in-

to:� attribute� data� extraction� (Ma� et� al.,� 2014),� data�management� philosophy� and� standards�

(Zhou�et�al.,�2016),�data-centric�business�operations,�Physical�deployment,�cloud�storage�and�

supporting�software�platform�deployment�of�the�Internet�of�Things�(Raptis�et�al.,�2019).�How�

to�use�industrial�big�data?�There�are�four�types�of�common�products,�respectively� is�process�

visualization,� process� optimization,� decision� support,� fault� detection.� Process� visualization�

and�fault�detection�are�mainly�oriented�to�the�production�field,�and�visualization�3D�model-

ing� algorithm� (Yandun� et� al.,� 2020)� and� fault� identification� algorithm� (Dahbura� &�Masson,�

1984)� are� the� research� hotspots� at� present.� Process� optimization� and� decision� support� are�

oriented� to� the� activities� in�multiple� fields� of� production� and�management.� At� present,� the�
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research� focus� is� the� establishment� of� process� optimization�model,� decision� algorithm� and�

relevant�management�formulation�(Kruzhilko�&�Maystrenko,�2019;�Hollowell�et�al.,�2019).

��� The� research� challenges�of� industrial� big� data� are� divided� into:� in� the� industrial� scenario,�

the�data� format�of�multiple�data�sources� is�not�uniform.�There�are�structured�data,�unstruc-

tured�data,� and�non-digital�data� (hand-drawn�charts).�How� to�digitize� and�unify� the� format�

of�these�data�is�one�of�the�difficult�problems�faced�by�industrial�big�data.�In�addition,�data�is�

generated�in�real�time�in�industrial�scenarios.�How�to�store�and�analyze�these�data�is�also�dif-

ficult.�Moreover,� the� high� utilization� of� data� requires� the� establishment� of� supporting� data�

collection,�storage,�processing,�analysis,�utilization�standards�and�long-term�mechanisms.�But�

the�reality�is�that�the�establishment�of�utilization�mechanism�of�industrial�big�data�requires�a�

lot�of�manpower�and�financial�resources.�Finally,� it� is�difficult�to�find�new�insights�from�mas-

sive�amounts�of�data.�� This� requires�professional�domain�knowledge,� keen� insight� and�Data�

Science� capabilities,� but� there� is� currently� a� lack� of� such� compound� talents� (Davenport� &�

Patil,�2012).

���Typical�applications�of�industrial�big�data:�In�the�automobile�manufacturing�industry,�auto-

mobile�manufacturers� collect� vehicle� conditions�and�operating�habits�of� the�owner� through�

the�sensors� that�come�with� the�automobile,�and� then�analyze� the� returned�data� to� improve�

services�and�quality�of�products.�In�addition,�the�use�of�industrial�big�data�can�also�help�fac-

tories�quickly�discover�machine�failures�and�deal�with�them�in�time�to�reduce�losses.

���The�main�breakthrough�of� industrial�big�data� lies� in� the�guidance�of�government's�policy.�

Because� companies� that� develop� industrial� big� data� require� high� upfront� investment,� they�

are� currently� dominated� by� large� companies.� The� participation� of� small� and�medium-sized�

enterprises� is�not�enough,�and� if� things�go�on� like� this,� they�will� lose� their� competitiveness.�

Therefore,�the�guidance�of�government's�policy�can�help�small�and�medium-sized�enterprises�

to�participate�in�industrial�big�data.�At�the�same�time,� it�can�also�guide�sharing�and�co-con-

struction�of�data�between�enterprises�to�save�social�costs.�

4.3 Business Data Science

Business�Big�Data�was�used�to�support�business�decision�or�produce�products�via�precision�

marketing,�user�profiling�and�advertising.�Consumption�big�data�comes�from�the� links�relat-

ed�to� product� sales,� such� as� customer� registration� data,� order� data,� browsing� record,� pur-

chase�record,�evaluation,�consultation,�feedback,�complaint,�suggestion.�Research�in�this�field�

focuses�on�how� to�use� consumption�big�data.�According� to� the�analysis�purpose,� it� can�be�

divided�into�descriptive�analysis,�predictive�analysis,�diagnostic�analysis�and�prescriptive�anal-

ysis.�Descriptive�analysis�mainly�uses� the�descriptive�statistical� information�of� the�data,� such�

as�median,�mean�value,�standard�deviation,�to�understand�the�distribution�and�characteristics�

of�the�data,�so�as�to�help�the�merchants�understand�the�current�situation�of� the�goods�as�a�

whole.�Predictive�analysis�mainly� studies�how� to�use�models� to�predict�unknown� situations,�

such� as� establishing� linear� regression� models� using� economic� and� population� variables� to�

predict�electricity�consumption�(Bianco�et�al.,�2009),�using�multiple�random�forests�to�predict�

urban�water� consumption� (Chen�et� al.,� 2017),� and�using�neural� network� technology� to�pre-

dict� the� online� buying� behavior� of� Indian� buyers� (Prashar� et� al.,� 2016).� Diagnostic� analysis�

mainly�looks�for�the�reasons�that�influence�buying�behavior,�such�as�discussing�the�influence�

of�advertising,�social�media�(Zhang�&�Pennacchiotti,�2013)�and�website�functions�(Zhao�et�al.�

,�2016)�on�buying�behavior.�Normative�analysis�mainly�studies�how�to�make�plans�to�increase�

C. BORJIGIN ET AL.

13



DATA SCIENCE AND INFORMETRICSDATA SCIENCE AND INFORMETRICS

product�sales,�such�as�bundle�sales�(Kaserman,�2007),�bonus� incentive�policies� (Chung�et�al.,�

2014),�comprehensive�sales�strategies�(Leigh�&�Marshall,�2001).

���The�research�challenge�of�consuming�big�data�is�not�the�technology�of�data�collection�and�

utilization,�but�in�the�legitimacy�of�data�collection�and�utilization.�In�2018,�the�California�Con-

sumer� Privacy� Act� of� 2018� (CCPA)� was� issued� by� the� California� Government� of� the� United�

States,�which� restricts� some�of� the� rights�of� enterprises� to� collect� and�use� information,� and�

increases� the� right� to�know�and�Opt-Out� right�of�users.�Cambridge�Analytica�obtained�data�

of�as�many�as�87�million�people�from�Facebook�(including�sensitive�data�such�as�personal�ac-

counts,�personality�tests�and�social�networks�of�users),�and�sold�it�to�the�Trump�presidential�

campaign� to� accurately� display� customized� messages� for� specific� groups� of� people�

(Grothaus,� 2018).� As� a� result,� Facebook�was� fined� $643,000� and� Cambridge� Analytica� went�

bankrupt� (Zialcita,�2019).�Therefore,�how�to� reasonably�collect�and�use�data�under� legal� cir-

cumstances�is�an�important�problem�faced�by�the�consumption�big�data.

���Recommendation�system�is�a�typical�application�in�consumption�big�data.�It�predicts�users'�

shopping� tendency� based� on� user-related� consumption� big� data,� so� as� to� select� products�

similar�to�users'�buying�tendency�for�recommendation.�For�example,�Companies�like�Taobao,�

Youtube� use� recommender� systems� to� help� their� users� to� identify� the� correct� product� or�

movies.�According�to�a�McKinsey�survey,�Netflix� saves� the�company�about�$1�billion�a�year.�

Amazon�owes�35%�of�its�annual�revenue�to�the�recommendation�system�(Sigmoidal,�2017).

���The�main�breakthrough�in�consumption�big�data�is�how�to�establish�long-term�relationship�

with�users,�which� can�be�divided� into� two� levels.� For� the� first� level,� as� privacy�protection� is�

getting�more� and�more� attention,� it� is� needed� to� obtain� user� authorization� if� you�want� to�

collect� and�use�data,� and�establishing� trust� relationship�with�users� is� helpful� to� obtain� user�

authorization.� As� for� second� level,� enterprises� need� to� establish� user� loyalty� programs� to�

maintain�user�loyalty�through�organizing�activities�and�giving�small�gifts�regularly.

4.4 Health Data Science

With�the�gradual�popularization�of�cordless�medical�treatment,�electronic�medical�records,�

and�online�consultation,� the�work�process� in� the�medical� and�health� field� tends� to�be�digi-

tized, resulting in health big data. It mainly focuses on the wide application of big data in

health�and�medical�fields�including�life�logging�(Gurrin�et�al.,�2014),�medical�diagnosis,�phar-

maceutical production, and health care (Raghupathi & Raghupathi, 2014).

The�research�hotspots�of�health�big�data�mainly�include�precision�medicine,�disease�identi-

fication� and�monitoring,� and� data� privacy.� For� precision�medicine,�most� of� the� existing� re-

search is to explore its feasibility and racial bias (Gurrin et al., 2014). For disease identification�

and�monitoring,�it� involves�the�application�of�machine�learning,�natural�language�processing�

and�other�technologies� in�the�health�field.�For�example,�Automated�Identification�of�Surveil-

lance Colonoscopy in Inflammatory Bowel Disease Using Natural Language�Processing� (Hou�

et� al.,� 2013),� Prediction� of� fatty� liver� disease� using�machine� learning� algorithms� (Wu� et� al.,�

2019).�For�data�privacy,� the�focus� is�on�emphasizing� the� importance�of�privacy�and�propos-

ing feasible ways to protect privacy. For example, the privacy�issues�were�explained�in�health�

big�data�from�a�legal�and�technical�perspective�(Mounia�&�Habiba,�2015).�A�security�life�cycle�

model� for� health�big�data�was�proposed� (Abouelmehdi� et� al.,� 2018).� And� a� security� frame-

work and algorithm were built (Chandra et al.,�2017).

���The�difficulty�in�health�big�data�research�is�that�health�data�involves�important�private�data�
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of�patients.�Therefore,�how�to�ensure�the�safety�of�health�data�in�the�process�of�transmission,�

storage�and�analysis� is�very�necessary� (Mooney�&�Pejaver,�2018).�But�at�present,� security� in�

health�big�data�has�not�been�paid�enough�attention.�The�reason�is�that�there� is�currently�no�

relevant� law� clarifying� the� responsibilities�of�owners�of�health�data.� In� addition,� the�protec-

tion of data security requires a lot of manpower and financial resources. For example, Com-

munity Health Systems was exploited by hackers to obtain social security numbers, dates�of�

birth,�phone�numbers�and�actual�addresses�of�4.5�million�patients� in�2014.� In�2015,�Medical�

Informatics�Engineering,�an�electronic�Medical� record�software�company,� leaked� the�data�of�

3.9� million� patients.� The� leaked� content� included� names,� social� security� numbers,� phone�

numbers,�mailing�addresses,�dates�of�birth,�diagnosis�and�other� sensitive� information� (Lord,�

2020).

��� The� successful�application�of�Google� Flu�Trends� (GFT)� is� a� typical� application� that�utilizes�

big�data�on�health.� In�2009,�Jeremy�Ginsberg,�Matthew�H.�Mohebbi�and�Rajan�S.�Patel�pub-

lished a�paper� titled�"Detecting� Influenza�Using�Search�Engine�Query�Data�Based�on�Search�

Engine�Data"�in�Nature.�This�paper�introduces�GFT,�a�flu�prediction�tool�launched�by�Google�

in�2008,�which�can�predict� the�nationwide�spread�of�H1N1� in� real� time,�overcoming� the� lag�

of�official�data�release.�The�successful�application�of�GET�plays�an�important�role� in�promot-

ing the application�of�health�big�data.

���The�main�breakthrough�of�health�big�data�is�that�data�masking�can�be�used�to�protect�the�

privacy� of� patients.� Common� technologies� of� data� masking� include� data� encryption,� data�

randomization� and� data� replacement� technologies.� Among� them,� data� encryption� is� a� re-

versible method of data masking. This may be cracked through the ciphertext, and the data�

needs� to�be�decrypted�before�being�used.�Data� randomization�means� that�when� collecting�

customer� information�on� the� server� side,� if�only� interested� in� the�attributes�of� the� informa-

tion in the overall statistical sense, the client can use random algorithms to interfere with�da-

ta privacy. For example, some real information is randomly deleted, and some false informa-

tion is introduced to protect personal privacy. This technology can meet the needs of aggre-

gated attribute while desensitizing data. Data replacement includes data pseudonymization,�

shuffling,�and�synthetic�data.

4.5 Biological Data Science

Harnessing�powerful�computers�and�numerous�tools�for�data�analysis�is�crucial�in�drug�dis-

covery� and�other� areas�of�big-data�biology� (Marx,� 2013).� The�principles,� theories,�methods,�

technologies,� and� tools� of� big� data� are�widely� adopted� to� biology,� and� biological� research�

paradigm�is�transferring�from�knowledge-centered�paradigm�to�data-centered�paradigm.

���Its�research�problems�include�three�aspects:�(1)�the�development�of�gene�analysis�towards�

"de-sampling",�scientists�manage�to�apply�big�data�technologies�to�efficiently�analyze�all�da-

ta�of�DNA�and�RNA,� instead�of� sampling� analysis.� (2)� The� traditional�methods�of� biological�

research�are�to�examine�and�determine�the�structure�and�characteristics�of�the�subject�using�

a�variety�of�experimental�techniques,�such�as�NUCLEAR�magnetic�resonance�and�X-ray�crys-

tallography,�and�new�methods�such�as�cryo-electron�microscopy,�but�these�methods�rely�on�

a� wide� range� of� trial� and� error.� The� development� of� big� data� makes� it� possible� to� make�

strong� predictions� about� complex� structures� through� deep� learning.� The� AlphaFold� (2020)�

used�by�CASP14,� for�example,�creates�an�attention-based�neural�network�system�that� treats�

protein�residues�as�nodes,�connecting�neighboring�residues�together.�(3)�The�transformation�

of�drug�discovery�to�"precision".�The�example�is�the�analysis�of�HIV�drug�resistance.�Stanford�
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University� in� the� United� States� established� a� special� database,� Hivdb.� By� sequencing� HIV�

from�patients�in�the�database�and�comparing�it�with�standard�sequences,�drug-resistant�mu-

tations�can�be�found�to�know�which�drugs�are�no�longer�effective�for�that�particular�patient,�

and�the�remaining�drugs�can�be�combined�to�suppress�HIV�(Stanford�University,�2021).

���Big�data�research�focus�in�the�biology�mainly�includes:�"gene�sequencing�+�artificial�intelli-

gence"�and�"deep� learning�+�medical� image"�and�"big�data�+�health� records"� (1)� "gene�se-

quencing�+�artificial� intelligence"� refers� to� the�use�of�machine� learning�methods,�prediction�

on� the� genome� will� change� the� characteristics� of� human� body/disease/how� to� impact� on�

phenotype.� The� implementation� method� is� divided� into� two� steps.� First,� identify� the� gene�

susceptibility� locus�associated�with�a�characteristic/disease/phenotype.�Second,�use�machine�

learning� to� simulate� changes� in� characteristics/diseases/phenotypes.� (2)� "Deep� learning� +�

Medical�imaging"�refers�to�the�direct�analysis�of�medical�images�by�deep�learning�algorithm.�

The�existing� image�processing�method� is� to�treat�each� layer�of�3d�medical� image�as�2d� im-

age�separately,�and�there�are�also�methods�to�directly�process�3D�image�after�reducing�com-

plexity.� The� detection�methods� can� also� be� divided� into� the�method� of� locating� and� then�

classifying�and� the�method�of�directly�predicting� the� target� location.� (3)� "Big�data�+�Health�

archive"� refers� to� the� information�about�personal� lifelong�health� status� and�health� care�be-

haviors�managed� electronically,� which� involves� all� the� process� information� of� patient� infor-

mation� collection,� storage,� transmission,� processing,� utilization,� and� integrates� information�

into�a�huge�database.�For�example,� the�data�volume�of�PubMed,� the� internationally� famous�

biomedical� database,� reaches� nearly� 20� million� records,� increasing� at� a� rate� of� 600,000� to�

700,000� each� year.� The� biomedical� and� pharmacological� literature� database� Embase� has�

more�than�11�million�records,�with�500,000�more�records�added�every�year.

���Medical�Ethics�and�data�security�in�the�era�of�Big�data.�On�the�one�hand,�the�development�

of�science�and�technology�is�increasingly�dependent�on�big�data,�and�open�source�and�data�

sharing� have� become� an� important� driving� force� for� biological� research.� But� as� concerns�

grow� about� privacy,� particularly� genomic� privacy,� access� to� important� information,� such� as�

personal�genome�data,�may�be�restricted�in�the�future.�On�the�other�hand,�the�more�involved�

the�patient,� the�more� likely� the�biomedical� research�project� is� to� succeed.�However,�how� to�

benefit�the�patients�and�how�to�share�the�benefits�is�a�problem�that�people�face.

���Typical�applications�of�big�data�biology:� (1)�clinical�effect� testing.�For�example,�Germany's�

RWTH� Aachen� university� (RWTH� helmholtz-institute� for� biomedical� engineering),� German�

cancer� research� center (DKFZ),� German� cancer� research� association� (DKTK)� and� Heidelberg�

(NCT)� national� center� for� tumor�disease� scientists� have�developed� a� kind� of� adaptive� algo-

rithm,�can�be�directly�according�to�the�tumor�HE�staining�tissue�slice�image�prediction�of�mi-

crosatellite� instability� (MSI),� which� helps� to� identify� potential� can� benefit� from� the� immune�

therapy� of� gastrointestinal� cancer� patients.� (2)� Establish� a� library� of� genomics� pre-training�

models.�23andme,�an�emerging� technology�company� in�Silicon�Valley,� takes� the� lead� in� the�

commercialization�of�precise�SEQUENCING�of�DNA�sequence�to�deal�with�diseases�caused�by�

genetic� code.� Based�on�Apriori� algorithm� and� linear� recursive�model,� Goran�Hrovat� utilizes�

big�data� visual� analysis� technology� to� explore�patient� data� and� serve� for� hospital�manage-

ment�and�decision-making.

4.6 Social Data Science

Social�big�data�comes� from� joining� the�efforts�of� the� two�previous�domains:� social�media�

and�big�data�(Bello-Orgaz�et�al.,�2016).�Applications�of�social�big�data�can�be�extended�to�a�
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wide� number� of� domains� such� as� health� and� political� trending� and� forecasting,� hobbies,�

e-business,� cyber-crime,� counterterrorism,� time-evolving� opinion� mining,� social� network�

analysis,�and�human-machine�interactions.�Its�research�problems�mainly�include�two�aspects:�

big�data�based�on�content�and�big�data�based�on�opportunity�network.�The�former� focuses�

on�extracting�insight�from�user-generated�content�across�a�variety�of�social�media�platforms,�

while� the� latter� focuses�on�extracting�knowledge� from� interactions�between�online�users�by�

analyzing�the�web�(Zhang�et�al.,�2019).

���The�research�hotspots�of�social�big�data�mainly�include�the�development�and�improvement�

of� data�mining� and�data� analysis� technologies� used� in� social� big� data� and� the� research� on�

the�methods�of�applying�big�data� to�different�social� fields,� such�as�e-commerce,�marketing,�

journals�and�public�policies.

��� The� research� challenges� of� social� big� data� include� knowledge� representation,� data�man-

agement,�data�processing,�data� analysis,� data� visualization�and�other� aspects� for�mass�data�

(Kaisler�et�al.,�2013).�Specific�examples�include�accessing�a�large�amount�of�unstructured�da-

ta,� determining� how�much� data� is� sufficient� to� have� a� large� amount� of� high-quality� data,�

dealing�with�dynamically�changing�data�streams,�or� implementing�sufficient�privacy� (owner-

ship� and� security).�One�of� the�most� challenging� problems� is� to� identify� valuable� data� from�

large� heterogeneous� datasets� from� social� media,� and� analyze� that� data� to� discover� useful�

knowledge� and� improve�decisions� for� individual� users� and�businesses.� In� order� to� correctly�

analyze�social�media�data,�traditional�analysis�techniques�and�methods�need�to�adapt�to�and�

integrate�the�new�big�data�paradigm�to�form�structured�data�processing.

���Typical�applications�of�social�big�data�include�myriads�of�applications�related�to�marketing,�

crime�analysis�and�user�experience.�Marketing�applications�include�advertising�on�social�plat-

forms.�Maurer�and�Wiegmann�(2011)�analyzed�the�effectiveness�of�advertising�on�social�net-

works.�The�experiment� found� that�when� the� social�network�ads�were�placed� in� front�of�un-

screened� subjects� alone,�most�of� them� thought� the� Facebook� ads�were� annoying,� and� that�

placing�the�same�ads�on�social�interactions�generated�by�Facebook�tools�and�applications�in-

creased�the�number�of�visits�and�purchases�by�Jigar�consumers.�Applications�of�crime�analy-

sis�include�identifying�patterns�of�crime�through�big�data,�allowing�the�detection�and�discov-

ery�of�crimes�and�their�relationships�with�criminals.�Crime�hotspots�can�be�identified�using�a�

variety�of�mapping� techniques,� such�as�point�mapping,�geographic�area� thematic�mapping,�

spatial�ellipse,�grid� thematic�mapping,�and�kernel�density�estimation� (KDE).�For�User�Experi-

ence-based�Applications,� Big�data� from� social�media� needs� to�be� visualized� for� better� user�

experiences�and�services.�For�example,�large�amounts�of�digital�data�(usually�in�tabular�form)�

can�be� converted� to�different� formats.� Thus,� user� intelligibility� can�be� improved.� The� ability�

to�visualize�such�big�data�to�support�timely�decision-making� is�critical� in�areas�as�diverse�as�

business� success,� drug� therapy,� network� and� national� security,� and� disaster� management�

(Keim�et�al.,�2013).�Therefore,�user�experience-based�visualization�is�recognized�as�an�impor-

tant� tool� to� support�decision�making.�Visualization� is� also� recognized�as� an� important� data�

analysis� tool� for� social� media� (Kotval� &� Burns,� 2013).� It� is� important� to� understand� what�

users�want� from�social�networking�services.�There�are�many�visual�ways� to�gather� (and�vali-

date)�the�user�experience.�One�of�the�most�famous�ways�is�interactive�activity�data�analysis.

��� The�main�breakthrough�of� social�big�data� lies� in� the� increasingly� advanced�analysis� tech-

nology� and� the� increasing� risk� of� privacy� leakage.� Therefore,� many� researches� on� privacy�

protection�have�been�put�forward�to�solve�the�problems�related�to�privacy.�We�can�note�that�

there�are�two�well-known�methods.�The�first�is�to�take�advantage�of�"k-anonymity,"�which�is�
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an�attribute�of�some�anonymous�data�(Sweeney,�2002).�Given�private�data�and�a�specific�set�

of� fields,� the�system�(or�service)�must�make� the�data�useful�without� identifying� the�body�of�

the�data.�The�second�approach�is�"differential�privacy,,�which�can�provide�an�effective�way�to�

maximize�the�accuracy�of�statistical�database�queries�while�minimizing�the�opportunity�to� i-

dentify�their�records�(Dwork,�2008).

4.7 Agile Data Science

Agile�Big�Data� is�a�development�methodology� that� copes�with� the�unpredictable� realities�

of� creating� analytics� applications� from� data� at� scale� (Jurney,� 2017).� It� is� helpful� to� develop�

agile�software,�manage�agile�projects�and�establish�agile�organizations.�The�philosophy�and�

principles�of�agile�big�data� include�four�aspects:�componentization�and�platformization,�uni-

fication and�openness,�standardization�and�interface,�self-service�and�intelligence,�and�engine�

driving.�Componentization�and�platformization�refer�to�the�modularization�abstraction�of�big�

data� processing� links� to� form� a� componentized� platform� with� high� cohesion� of� multiple�

functions.�Componentized�platforms�can�be�used�independently�with�existing�platform�com-

ponents or combined� to� solve�more� problems� on� different� links.� Unification� and� openness�

refers� to� achieving� a� balance� between� simplifying� system� complexity,� improving� manage-

ment and control�ability�and�enhancing�fitness,�and�improving�flexibility.�Standardization�and�

interface�refers�to�the�formation�of�a�series�of�standardized�protocols�in�big�data�processing�

links,�including�data�namespace�protocol/metadata�and�data�type�specification�protocol/data�

Access� Interface�protocol/Query� language�protocol/data�transmission�protocol/data�security�

protocol.� Intersystem� interactions� are� provided� in� the� form�of� service� interfaces� and� queue�

interfaces.�Self-service�and� intelligent�routine�operations� including�self-service�can�be�better�

supported� in�an�automated�manner;�Self-service� insight�analysis�can�be�better�supported� in�

an�intelligent�way.�Engine-driven� includes�the� introduction�of�advanced�engine-driven�capa-

bilities� to� enable� agile� big� data� applications� to� reach� external� audiences�more� quickly� and�

actively.� At� this� time,� big� data� applications� themselves� have� become� a� powerful� busi-

ness-driven�engine.�Operations�including�self-service�can�be�better�supported�in�an�automat-

ed manner;�Self-service�insight�analysis�can�be�better�supported�in�an�intelligent�way.

���The�main�research�content�of�Agile�big�data� includes�three�aspects:� feature�extraction,� fu-

sion encapsulation� and� service� interface.� 1)� Feature� extraction:� the� structured� and� unstruc-

tured data� and� semi-structured� data� for� data� integration� and� feature� extraction,� extracted�

the�data�of�all�kinds�of�different�characteristics,�including�time,�space,�characteristics�or�other�

global� features,� implementation�of�data� related� to� the� location�of� the� associated�attributes,�

time,�space�and�other�observation�attribute�such�as�the�characteristics�of� the�description.�2)�

Fusion�encapsulation:�All�kinds�of�extracted�data� features�or�preliminarily�preprocessed�data�

are� encapsulated� into�data�processing�units�with� unified� structure� and� format� according� to�

data� processing� characteristics� and� requirements� of� different� computing� models,� forming�

standard� analysis� data� sets� and� providing� fast� data� adaptation� for� the� upper� mining� and�

computing�services.�Metadata�definition�method�and�XML/JSON�and�other�technologies�can�

be�used� to� realize� the�unified�definition�of�different� types�of�data�units,� and�basic� informa-

tion and various�attributes�definition�and�description�can�be�carried�out�for�each�type�of�uni-

fied data unit,� including� identification� ID,� basic� attribute,� semantic� attribute,� structural� at-

tribute, and other�contents.�3)�Service�interface:�encapsulated�unified�data�unit�data�sets,�ac-

cording to different�computing�service�model�to�realize�fast�data�adapter,�uniform�data�unit�

call�interface�design,�through�the�interface�definition�and�parameter�setting�unit�to�encapsu-
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late� data� parsing,� and� the�data� sets� of� various� attributes,� such� as� structure� information� are�

extracted�(Bello-Orgaz�et�al.,�2016).

���The�key�breakthrough�of�Agile�Big�Data�is�how�to�achieve�a�unified,�standardized,�modular�

and�configurable�big�data�architecture�to�solve�the�problem�of�difficult� integration�between�

different� types� of� heterogeneous� subsystems.� Application� functions� can� be� combined� with�

existing� functional� components,� and� the� cost� can� be� reduced� through� service� reuse.� The�

form�of�data�exchanged�between�components�should�be�standardized�and� interlaced.�Com-

ponents can be combined with minimal programming or configuration, standardized� inte-

gration of common models and tools, and simplified usage to�provide�out-of-the-box�data�

mining� and� analysis� capabilities� to� non-programmers;� Big� data� application� whole� process�

(collection,�storage,�analysis,�management)�visualization�operation.�Based�on�the�iterative�na-

ture of the�scientific�data�and�using�efficient�componentized�tools,�for�big�data�each�function�

subsystem� (modules)�modular,� standardized�design�model,� and�according� to� the�actual�de-

mand fast quick selection, configuration, structures, large� data� prototype� system,� the� rapid�

iteration� big� data� analysis� results,� and� adapt� to� changing� needs,� the� prototype� as� soon� as�

possible� into� a� production� system.� In� the� process� of� rapid� iteration,� rapid� feedback� and�

closed-loop� verification,� customers� can� gradually� complete� the� reform� of� system� thinking�

and�management�thinking�of�big�data�analysis,�and�the�principle�of�quick�proof�and�lean�de-

sign is the core goal of agile big data application.

5 Integrative studies of Domain-general Data Science and Domain-spe鄄

cific Data Science

There�is�a�wide�range�of�disciplines�which�have�developed�Domain-specific�Data�Science�as�

discussed�in�Section�4.�However,�DSDS�varies�from�one�domain�to�another,�and�different�DS-

DS domains have their own unique research perspectives and interests on Data Science. At�

the�same�time,�there�are�also�some�studies,�which�focus�on�Data�Science�itself�and�are�intent�

on�building�Domain-general�Data�Science.��

5.1 Nexus between DGDS and DSDS

There�are�subtle�nexuses�between�Domain-general�Data�Science�(DGDS)�and�Domain-spe-

cific Data Science (DSDS).

First,�their�fundamental�difference�roots�in�the�thinking�paradigms:�DGDS�conforms�to�da-

ta-centered thinking, while DSDS is in line with knowledge-centered thinking. Knowl-

edge-centered thinking pattern believes that data will be utilized effectively only when the�

causality�in�data�is�identified.�Hence,�data�analysis� in�the�past�dedicates�to�find,�validate�and�

take�advantage�of�causalities.�That�conventional�thinking�pattern�is�very�effective�in�DSDS�but�

inefficient� in�DGDS� since� it� is�hard� to� identify�and�validate�a�causality� from� large-scale�data�

sets.� As� a� result,� the� aims� of� data� analysis� have� shifted� from� causal� analysis� to� correlation�

analysis,�which�put�more�emphasis�on�the�correlation�analysis.�In�contrast�with�causality�anal-

ysis, correlation analysis is time-saving and easy to put into practices. This separation� of�

causality� analytics� and� correlation� analytics� also� triggers� collaboration� between� data� scien-

tists and domain experts, and provides a new analysis pattern for DSDS data analysis.�For�ex-

ample, applying data analysis to the banking industry can make it more agile. Bank�of�Ameri-

ca has developed a virtual assistant called Erica, which uses predictive analysis and� natural�

language� processing� to� showcase� information� about� bank� transaction� history� or� upcoming�

C. BORJIGIN ET AL.

19



DATA SCIENCE AND INFORMETRICSDATA SCIENCE AND INFORMETRICS

bills�for�customers.

���Second,�DGDS�focuses�on�the�theoretical�studies,�while�DSDS�is�centered�on�applied�ones.�

DGDS�involves�basic�theories�and�activities�of�Data�Science,�while�DSDS�focuses�on�the�appli-

cations of Data Science in a specific domain. What DGDS has in common with DSDS is that�

Statistics,�Machine�Learning,�Data�Visualization,�and�Domain�Knowledge�are�their� theoretical�

bases,�and�the�research�in�DGDS�and�DSDS�drives�the�development�of�the�Data�Science.�Ap-

plying DGDS to other specific domains is one of the popular topics in recent studies.�Those�

specific� domains� include� life� science,�medical� care,� social� governance,� education,� and� busi-

ness management. As a result, some new research topics such as quantitative�self,�data�jour-

nalism and big data analysis gained widely attention of data scientists.

��� Third,�DSDS� is� domain-dependent,� but�DGDS� is� domain-independent.� DSDS� incorporates�

theories�with�domain�knowledge�and�business�practice,�which�was� termed� to� address� chal-

lenges that we are facing in data enriched offerings era. DGDS provides theoretical guidance�

for�the�practical�application�of�DSDS,�which� involves�knowledge� that�data�scientists� in�every�

field� should�master.� The� core� theories� of� DGDS� include� concepts,� theories,�methods,� tech-

nologies, and tools focus on solving the problem of discipline construction. DGDS puts for-

ward some methods, techniques, and tools at the macro level, which can be used in a few

DSDS.�It�means�that�DSDS�aims�to�use�the�core�theories�of�Data�Science�to�solve�other�disci-

plines' own problems.

Fourth,�DSDS�and�DGDS�possess�complementary�advantages.�Table�2�shows�the�gaps�be-

tween DGDS and DSDS in some dimensions of Data Science. Data Science projects are com-

pleted via collaborative efforts of domain-general data scientists as well as domain-specific�

data�scientists.�Data�wrangling,�for�instance,�is�a�value-added�process�that�needs�efforts�from�

not� only� domain-general� data� scientists� who� are� good� at� data-related� tasks� but� also� do-

main-specific data scientists who are familiar with specific business of application�domains.�

Table 2 the�Comparisons�of�DGDS�and�DSDS

5.2 Integrating DGDS and DSDS

Theoretical� Data� Science� (TDS)� is� supposed� to� bridge� the� gap� between� Domain-general�

Data�Science�(DGDS)�and�Domain-specific�Data�Science�(DSDS).�Theoretical�Data�Science�is�a�

branch�of�Data�Science�that�employs�mathematical�models�and�abstractions�of�data�objects�

and�systems�to�rationalize,�explain�and�predict�big�data�phenomena.�This�contrasts�with�DS-

DS, which uses casual analysis, as well as DGDS, which employs data-centered thinking to

deal�with�big�data�problems� in� that� it�balances� the�usability�and� the� interpretability�of�Data�

Science�practices�(Figure�2).�

Theory *

Practice *

Data Wrangling *

Data Computing *

Data Management *

Data Analysis *

Data Products Development *
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Figure 2 Three�Types�of�Data�Science

� The�main�concerns�of�TDS�are�concentrated�on�the�following�topics:

��� (1)� To� integrate� the� data-centered� thinking� with� the� knowledge-centered� thinking.� Da-

ta-centered thinking is the unique thinking pattern of DSDS, while knowledge-centered

thinking�is�the�typical�thinking�pattern�of�DGDS.�TDS�integrates�them�by�two�different�ways:�

data-centered�thinking�triggers�knowledge-centered�thinking,�or�vice�versa.� In�practical�Data�

Science�projects,� the� integration�of�DSDS�and�DSDG�is�mainly� implemented�via�the�collabo-

ration between professional data scientists and experts from other specific business domains.

���(2)�To�transform�correlation�analysis�into�casual�analysis.�TGS�believes�that�correlation�anal-

ysis� is� insufficient� to�address�big�data�problems,�and� the�Data�Science�projects� should�con-

vert correlation�analysis� into�casual�analysis.�Further,�TDS�regards�correlation�analysis�as� the�

pre-requirements�of�causal�analysis.�Correlation�analysis�is�conducted�by�employing�machine�

learning�or�statistical�methods.�However,� the�causal�analysis�heavily�depends�on� the� related�

domain�knowledge.���

��� (3)� To� balance� the� usability� and� the� interpretability.� Contradictions� between� the� usability�

and� the� interpretability� of� big� data� solutions� are� the� trickiest� challenges� in� Data� Science�

studies.�TGS�balances�them�by�introducing�interpretable�Machine�Learning�or�explainable�Ar-

tificial Intelligence.� Interpretable�methods�of�TGS�can�be�classified� into�global� interpretation�

and�local� interpretation.�Global� interpretability� implies�knowing�what�patterns�are�present� in�

general,� while� local� interpretability� implies� knowing� the� reasons� for� a� specific� decision

(Doshi-Velez�&�Kim,�2017).

6 Conclusions

Theoretical� Data� Science� (TDS)� is� an� integrated� study� of� Domain-general� Data� Science�

(DGDS)�and�Domain-specific�Data�Science�(DSDS)�in�order�to�bridge�the�gaps�between�them.�

In� contrast� with� DSDS� as� well� as� DGDS,� TDS� adopts� the� data-centered� thinking� pattern,�

recognizes� that� the�property� of� data� is�more� active� than� passive,�manages� to� convert� data�

into�intelligence,�solves�data-intensive�tasks,�conducts�data�wrangling�or�munging,�enhances�

user�experiences�of�big�data�systems,�introduces�data�intensive�scientific�discovery,�as�well�as�

educates� data� scientists.� TDS� is� unique� in� its� scientific� objectives� as� well� as� research�

paradigm,� and� does� not� replicate� directly� the� experiences� from� DGDS� and� DSDS.� The�

following�topics�are�essential�for�further�research�on�TDS.�
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� 1) To conduct in-depth theoretical research on Data Science. There�are�no�shared�under-

standings on Data Science yet. Some of the researchers insist that�Data�Science�is�merely�in-

terdisciplinary applications of Statistics and Machine�Learning,�and� it�does�not�need� its�own�

new� theories.� They� argue� that� application� of� Statistics� and�Machine� Learning� is� crucial� for�

Data� Science.� They� fail� to� admit� the� unique� theories� of�Data� Science.� In� fact,� Statistics� and�

Machine� Learning�are� the� theoretical� foundation�of�Data� Science,� not� its� core� components.�

Data�Science�is�an�independent�discipline�like�Statistics�and�Machine�Learning.�TDS�is�unique�

in�its�scientific�mission,�research�perspective,�thinking�pattern,�underlying�principles,�and�the-

oretical framework, which are distinct�from�other�disciplines.�

���2) To take advantage of active property of big data. One�of�the�main�contributions�of�Data�

Science�is�that�it�shifts�our�thinking�pattern�and�views�big�data�as�active�beings.�People�have�

seen�data�as�passive�or�dead�thing�to�date,�and�how�to�input�human�intelligence�into�data�is�

the�main� concern� of� the� related� studies.� For� instance,� traditional� data� prepressing� theories�

try� to�convert� complex�data� into� simple�data� through�defining�schema,�data� cleansing,� and�

filling�missing�values.�However,�TDS�highlights�the�active�property�of�data�and�begins�to�dis-

cuss how to take advantage of data.�As�a�result,�some�novel� terms,�such�as�data-driven�ap-

plications, data-centric� design,� data� insights,� and� big� data� ecosystem,� are�widely� accepted.�

TDS� regards� complexity� as� a�natural� attribute�of�big�data� and�does�not� conduct� traditional�

data� preprocessing.� Admitting� that� data� is� active� rather� than� passive� is� the� basic� starting�

point�of�studying�TDS.

���3) To introduce Design of Experiments into Data Science studies. Design� of� Experiments�

(DOE)� is�one�of� the�essential�activities�of�TDS�projects.�Data�scientists�should�creatively�pro-

pose research hypotheses according to the objectives�of�TDS�projects,�design�corresponding�

experiments,�conduct�the�data�experiments�and�test�the�hypothesis.�Taking�the�student�pro-

grams of Data Science�majors� in� the� University�of�Washington� as�well� as� the� University�of�

California,� Berkeley� as�examples,� courses� titled�Applied�Statistics� &� Experimental�Design�or�

Experiments�and� Causality�are�provided,� respectively.�The�both� courses� focus�on� improving�

students'�ability�in�DOE�as�well�as�hypothesis�testing.

���4) To shift Data Science's research focus from correlation analysis into causality inference.

There� is� a�misconception� that�Data� Science� only� concentrates� on� correlation� analysis,� and�

causality�inference�is�outside�the�scope�of�it.�However,�correlation�inference�can�only�be�used�

to� identify� the�correlations� in�big�data,�but�cannot�guide�how� to�optimize�and� intervene� in�

the� identified�correlations.�Where�the�correlation�changes,�the�causation�relation� in�big�data�

is� required� to�be�analyzed.�Hence,� to� shift� the� research� focus� from�correlation�analysis� into�

causality�inference�is�one�of�the�unique�purposes�of�TDS.�In�a�TDS�project,�the�data�scientists�

are�responsible�not�only� to�discover�possible�correlations� in�big�data,�but�also� to� reveal� the�

causality� behind� the� correlations� with� the� collaboration� of� domain� experts.� To� embrace�

causality�analysis�is�becoming�one�of�the�most�discussed�topics�in�Data�Science.�For�instance,�

the�course�titled�Experiments�and�Causality�Analysis�or�the�Causal�Inference�for�Data�Science�

are�listed�in�DS�courses�at�University�of�California,�Berkeley,�and�Columbia�University�as�well.

���5) To take data product development as one of the main tasks of Data Science Projects.

Developing�data�products� is�one�of� the�distinct�objectives�of�TDS� studies.�Data�products� in�

TDS�are�not� limited� to�products� in�data� form.�All�products� that�utilize�data� to�provide�new�

services�should�be�regarded�as�a�data�product.�Data�can�be�used�to�promote�product� inno-

vation,�and�traditional�products�will�be�transformed� into�data�products�by�application�of�DS�

theories.�Google�Glasses,�for�instance,�is�a�data�product� in�that� its�novel�features�are�derived�
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from�data.�Data-centered�thinking�is�the�fundamental�difference�between�data�products�and�

traditional�ones.�Data�products�will�be�the�most�common�applications�of�TDS.�
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ABSTRACT

With�the�rapid�development�of�Internet�technology,�a�rich�set�of�e-government�data�are�collect-

ed�by� the� government� departments.� For� example,� a� variety� of� feedback� text� data� can� be� ob-

tained�quickly�and�efficiently� through�various�channels�such�as�the�mayor's�mailbox.� It� is�an�ef-

fective� way� to� improve� the� working� efficiency� of� the� government� to� extract� hot� topics� from�

large-scale� e-government� text� data,� establish� the� correlation� between� topics� and� geographic�

space,�and� interactively�explore� the�sources�of�public� feedback�problems.�However,� it� is�a�diffi-

cult� task� to� explore� the� large-scale� e-government� text�data�with� traditional� visualization�meth-

ods�such�as�word�cloud,�because�too�many�words�are�hardly�distributed�in�a�limited�space�which�

will� largely�disturb�the�visual�perception.� In� this�paper,�we�propose�a�visual�analytics�system�for�

large-scale� e-government�data� exploration�by�means�of� simplified�word� cloud.� Firstly,� a� repre-

sentation�learning�model�is�used�to�embed�the�text�data�into�high-dimensional�space�to�quanti-

tatively�represent�the�semantic�structure� features�of�e-government�text�data.�Then,� the�high-di-

mensional�vectors�are�projected�into�a�two-dimensional�space�where�the�coordinate�distribution�

of�points�effectively�expresses�the�semantic�similarity�of�original�words,�which�also�presents�geo-

graphic� features� that� can�be�quantized�by�means�of� a� similarity� computing�model.� In� order� to�

simplify�the�understanding�of�large-scale�e-government�data�and�improve�the�cognitive�efficien-

cy�of�word�could,�we�adopt� the� adaptive�blue�noise�method� to� sample� the� topic�words,�which�

can� simplify� the� visual� expression� of� word� cloud� and� improve� the� understanding� efficiency� of�

e-government�data�without� losing� the� semantic� structure� features.� Furthermore,� an� abstraction�

and�visual�analysis�system�for� large-scale�e-government�text�data�is�designed�and�implemented�

by� integrating� the� above� representation� learning�model,� sampling-based� abstraction�model� of�

word�cloud,� and� topic�and�geographic� correlation�analysis�model.� This� system�provides� conve-

nient�human-computer�interaction�modes�and�supports�users�to�explore�the�analysis�and�extrac-

tion� of� the� characteristics� hidden� in� large-scale� e-government� data.� It� also� helps� government�

departments�quickly� locate�the�hot�topics�of�public�concern�and�their� related� regional�distribu-

tion,� and�provides�decision� support� to� further� improve� the�work� efficiency� of� the� government.�

Case� studies� based� on� real-world� datasets� further� verify� the� effectiveness� and� practicability� of�

our�system.�
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1 Introduction

E-government�refers�to�the�use�of�internet�technology�as�a�platform�for�exchanging�informa-

tion,�providing�services�and�transacting�with�citizens,�businesses,�and�other�arms�of�govern-

ment� (Scholta� et� al.,� 2019)� .� With� the� development� and� maturity� of� e-government� mode,�

government� departments� pay�more� attention� to� public� participation� in� e-government� and�

provide�efficient�communication�channels�for�the�public�to�express�their�wishes(Shareef�et�al.,�

2012).� Thus,� a� rich� set� of� e-government�data� are� produced,�which� represent� the�will� of� the�

public� and� are� often� collected� in� the� form� of� text.� Traditional� e-government� data� analysis�

methods�often�extract�key� information�from�the�text�data� in�a�manual�way,�and� then�calcu-

late� and� predict� the� public's� satisfaction�with� the� government� departments� (Metaxas� et� al.,�

2017;�Song�&�Meier,� 2018)� .�However,� the�process�of� traditional� exploration�methods� is� al-

ways� cumbersome� and� complex,� which� usually� requires� repeated� loading� of� summary� and�

statistical�analysis,�resulting�in�strong�uncertainty�of�the�results.�Moreover,�with�the�accumu-

lation�of� data� volume� and� the� increasingly� complex� data� structure,� the� limitations� of� tradi-

tional�processing�and�analysis�methods�are�more�prominent.

��� In� the� field�of� visualization,�we�often�utilize�bag-of-word�models� to�mine� the� text� topics,�

and�use�word�cloud�to�display�the�topic�information.�With�the�increase�of�data�scale,�e-gov-

ernment�data�mining�and�visualization�face�the�following�challenges:�C1.�Text�topics�are�diffi-

cult� to�mine.� E-government� data� is�mostly� in� the� term� of� short� text,� and� the� topic-mining�

model�based�on�bag-of-word� is�difficult� to� accurately� extract� the� semantic� information.�C2.�

Text�data�scale�is�large,�and�word�cloud�visualization�method�is�not�effective.�Large-scale�text�

data�are�presented�in�a�limited�word�cloud�space,�with�serious�crowding�and�overlap,�result-

ing� in� visual� redundancy� and� difficulty� in� accurate� topic� exploration.� C3.� The� geographical�

distribution� is� hard� to� be� discovered� intuitively� in� the�word� cloud.� It� is� difficult� to� find� the�

geospatial� distribution� of� the� topic� in� the� word� cloud� because� of� the� separation� between�

them.

���To�tackle�the�above�challenges,�we�design�a�visual�analytics� framework�based�on�the�sim-

plified� word� cloud� to� explore� the� large-scale� e-government� data.� Firstly,� a� representa-

tion-learning� model� Word2vec� is� employed� to� extract� topic� features� from� e-government�

short�text�data.�The�extracted�features�have�realistic�topic�meaning�and�are�helpful�to�under-

stand� people's� resource� preferences.� Then,� an� adaptive� blue� noise� sampling�model� is� con-

ducted�in�the�word�embedding�space�to�extract�keywords�that�can�effectively�express�the�se-

mantics� of� original� data,�which� are� further� utilized� to� generate� simplified�word� clouds�with�

semantic� features� preserved.� Furthermore,� the� semantic� similarity� is� calculated� to� establish�

the�relation�between�extracted�topics�and�geographical�space,�and�help�users�to�explore�the�

spatial� distribution� of� topics� of� interest.� Finally,� a� rich� set� of� convenient� interaction�modes�

are� integrated�into�the�visualization�system,�enabling�users�to�explore�e-government�related�

topics�and�their�spatiotemporal�relationships.�Case�studies�based�on�real-world�datasets�fur-

ther� verify� the� effectiveness� and� practicability� of� our� system,� which� can� provide� deci-

sion-making�basis�for� the�work�evaluation�and�follow-up�reform�and� innovation�of� the�rele-

vant�government�departments.�The�main�contributions�of�this�paper�are�as�follows:

���(1)�We�design�a�semantic�region-partitioning�algorithm�to�recognize�semantic�topics�in�the�

vectorized�space�obtained�through�representation�learning,�by�means�of�which�more�correct�

semantics�will�be�extracted�based�on�the�essential�characteristics�of�natural�language.

���(2)�We�propose�a�simplified�word�cloud�generation�method�based�on�blue�noise�sampling�
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to� present� the� semantic� topics� of� the� original� e-government� data,� by�means� of� which� the�

overdrawn�problem�of�words�is�tackled�while�the�semantic�topics�are�all�preserved.�

��� (3)� The� association� between� topics� and� geographic� space� is� constructed� in� virtue� of� se-

mantic� similarity,�which� is� calculated�with� semantic�distance�of�words�and�visualized�on� the�

map.�It�really�supports�the�visual�analysis�of�spatiotemporal�changes�of�semantic�topics.�

���(4)�A�web-based�visual�analysis�framework�is� implemented�to�integrate�above�models�and�

visual� designs,� by�means� of�which� users� can� explore� the� topics� and� geographic� correlation�

features�of�e-government�data,�and�select�the�topics�or�regions�of�interest�for�specific�analy-

sis.

���The�organization�of�this�paper�is�structured�as�follows.�Section�2�discusses�the�related�work�

of�e-government�data�analysis.�Section�3� introduces�analysis� tasks�and�workflow�of� the�sys-

tem.�Section�4�describes�the�innovation�and�realization�of�the�algorithms�in�detail.�The�visual�

analysis�system�and�the�intention�of�visual�design�are�described�in�Section�5.�Section�6�evalu-

ates� the� effectiveness� of� our� system�with� case� studies� and� expert� interviews,� and� discusses�

the�shortcomings�of�the�system.�The�last�section�summarizes�the�paper�and�looks�forward�to�

the�future�work.

2 Related Work

In�this�section,�we�review�the�related�work,�including�e-government�data�analysis,�text�min-

ing�and�visualization,�and�spatiotemporal�data�visualization

2.1 E-government data analysis

With� the�development�of� information� technology,�more�people�participate� in� the�evalua-

tion� of� government� work� through� e-government� platforms.� They� express� their� views� and�

suggestions�on� the�work�of�government�departments,�or� consult� their� concerns� to�govern-

ment� departments,� etc.,� forming� e-government� data� (Linders,� 2012)� .� These� data� provide�

good� conditions� for� government� departments� to� understand� the� hot� issues� of� public� con-

cern.�In�recent�years,�it�is�through�the�e-government�platform�that�government�departments�

make�public�opinions�play�an�increasingly�important�role�in�government�performance�evalu-

ation� (Bai,� 2013),� public� decision-making� support� (Nabatchi� et� al.,� 2015)� ,� etc.� The� work� of�

government�departments�is�more�inclined�to�reflect�the�public�value,�thus�reducing�the�phe-

nomenon�of�government�failure�(Huang,�2004)��and�improving�the�governance�ability�of�the�

government.�However,� the�basis� for� the�public�opinion� to�play� its� real� value� in�government�

governance�is�that�government�departments�can�correctly�perceive�and�accept�the�opinions.�

Therefore,�how�to�accurately�mine�the�key�characteristics�of�e-government�data,�and�correct-

ly�perceive�the�main�content�of�public�opinion�expression�is�extremely�important.

���Many�scholars�have�conducted�research�on�e-government�data.�For�example,�Stylios�et�al.��

(2010)�use�sentiment�analysis�method�to�extract�public�opinions�automatically�and�emotions�

in� online� posts,� to� facilitate� the� government� departments� in� the� future� work� reference.�

Mayasari� et� al.� carry� out� sentiment� analysis� on� tweets� based� on�machine� learning�method,�

and� study� the� variation� rule� of� public� sentiment� on� government� performance� evaluation� in�

Surabaya,�Malaysia�(Mayasari�et�al.,�2020)�.�Baojun�et�al.�(2013),�aiming�at�the�content�analy-

sis� of� public� opinions� in� the� context� of� smart� cities,� propose� a�methodological� framework�

based�on�LDA�topic�model�to�extract�potential�topics�that�the�government�or�policy�makers�

may�pay�attention�to�and�analyze�the�time�series�of�discussion�heat�from�large-scale�opinion�

information� text.� Yi� et� al.� (2019)� adopt� LDA�model� to�mine� e-government� data� for� gover-
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nance�of�bike-sharing�policies,�hoping�to�provide�theoretical�basis�and�decision-making�sug-

gestions� for� the�government� to�make�policies�more� scientifically.�Yimin� (2018)�believes� that�

whether�urban�planning�and�construction�are�well�done�or�not�is�ultimately�measured�by�the�

satisfaction�of� the�masses.�The�public�opinions�of� the�draft�of�urban�master�plan�can� reflect�

the�citizens'� satisfaction�with� various� areas�of�urban�development� in� a� specific�period.� They�

utilize� text-mining� technology� to�analyze� the�e-government�data�of�Beijing�urban�planning.�

Zhengrong�(2019)�takes�advantage�of�big�data�analysis�technology�to�excavate�the�topic�fea-

tures� of� public� concern,� so� as� to� facilitate� government� departments� to� understand� the� key�

information�of�public�concern�and�better�respond�to�public�demand.

���It�can�be�seen�from�the�above�literature�that�some�studies�have�focused�on�the�mining�and�

analysis� of� e-government�data.� However,� there� are� still� three� deficiencies� in� this� field.� First,�

the�number�of�literatures�in�this�research�field�of�e-government�data�analysis�is�still�small,�so�

the�study�of� this�paper�has�a�certain�contribution�nonetheless.�Second,� related�studies�have�

not�used�professional�visualization�technology�to�make�visual�analysis�of�domain�data,�which�

makes� these�studies� fail� to�directly� reveal� the�hidden� features�of�public�opinion�data.�Third,�

the�relevant�research�did�not�simplify�large-scale�data,�did�not�relate�the�topic�with�the�geo-

graphic�space,�and� failed� to�adopt� the�depth�mining�and�visual�analysis�of�data� features.� In�

view� of� the� above� three� shortcomings,� this� paper� conducts� interactive� visual� analysis� of�

e-government�data�based�on� text�mining� and� abstraction,�which� is� of� great� significance� to�

explore� the� semantic� characteristics� of� topics� and� the� correlation� characteristics� with� geo-

graphic�space.

2.2 Text mining and visualization

With�the�popularity�of�social�network,�the�scale�of�social�network�text�data�is�getting�larger�

and�larger.�How�to�find�valuable�information�quickly�and�accurately�from�these�massive�data�

has�become�a�major�challenge�in�the�field�of� information�science�and�technology.�Text�min-

ing� is� a� text�processing� technology� that� extracts�meaningful� information� from�unstructured�

data�and�discovers�the�potential�value�of�large-scale�text�information�(He�et�al.,�2013).

��� The� essence� of� text� is� natural� language.� One� way� is� to� construct� semantic� embedding�

space�from�the�context�of�language�to�carry�out�text�mining.�Many�previous�works�are�based�

on� representation� learning� to�mine� language� features.� For�example,�Hotho�et� al.� (2003)�use�

WordNet� to� convert� word� vectors� into� concept� vectors,� and�measure� the� affinity� between�

documents�by�calculating�the�similarity�between�concept�vectors.�Kim�et�al.�(2015)�present�a�

hierarchical�similarity�measurement�method�based�on�search�fragments�on�short�texts�to�cal-

culate�the�similarity�between�short�texts.�Other�scholars�focus�on�the�exploration�and�analy-

sis� of� linguistic�models� in� textual� data.BengioHolger� et� al.� (2006)� propose� to� learn� the� dis-

tributed�representation�of�words�and�the�probability�function�of�word�sequences�simultane-

ously� to� counter� the� curse�of�dimensionality.�Dauphin� et� al.� (2017)� develop� a� finite� context�

recognition�method�through�stacked�convolution,�which�allows�parallelization�on�sequential�

tags�and�can�improve�the�processing�efficiency�of�text�data.�Ghanbarpour�and�Naderi�(2020)�

propose� a� language� model� based� attribute� specific� ranking� method,� which� sort� candidate�

answers�according�to�their�semantic�information�until�they�reach�the�corresponding�attribute�

level.�Collins�et�al.�(2009)�produce�the�concept�of�multi-model�semantic�interaction,�in�which�

semantic� interaction� can� be� used� to� guide�multiple�models� at�multiple� data� scale� levels� to�

enable�users� to�solve� larger�data�problems.Angus�et�al.� (2012)� introduce�Conceptual�Recur-

sive�Graph�to�process�text,�which�is�a�tool�for�drawing�recursive�graphs�based�on�similarity�of�
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concepts� rather� than� terms.� They�build� a�part�of� speech�model� and� apply� the� algorithm� to�

measure�the�similarity�between�two�sessions.

���Clustering�analysis�of� text�data� is�another�method�of� text� feature�mining.Beil� et�al.� (2002)�

propose� two� text-clustering� algorithms:� FTC� plane� clustering� based� on� frequent� sets� and�

HFTC� hierarchical� clustering.Yin� and� Wang� (2014)� present� a� folding� Gibbs� sampling� algo-

rithm�based�on�Dirichlet� Polynomial�Mixed�Model� Short� Text� Clustering� (GSDMM)� to� solve�

the� problems� caused� by� short� text's� sparseness,� high� dimension� and� large� volume.� The�

method�achieves�a�good�balance�between�the�completeness�and�uniformity�of�clustering�re-

sults.� In� order� to� understand� the� attention� of� bioinformatics� community� to� different�

sub-fields,�Janssens�et�al.�(2007)�deeply�merge�the�text�content�with�the�structure�of�citation�

graph,�and�improve�the�unsupervised�clustering�performance�of�text�based�on�Fisher�reverse�

chi-square�hybrid�clustering�method.

��� Text� visualization� refers� to� the�process�of� transforming�abstract�data� into� visual�graphics.�

By�extracting,�transforming�and�mapping�eigenvalues�of�data,�the�data� is�finally�displayed�in�

the�form�of� images,�which�is�the�basic�technology�of�data�visual�analysis� in�this�paper� (Card�

et�al.,�1999).�As�the�saying�goes,�a�picture�is�worth�a�thousand�words,�and�more�than�80%�of�

the� information� obtained� by� human� beings� from� the� outside� world� comes� from� the� visual�

system� (Lei�et�al.,� 2014).�The�presentation�of� text�data� in� a� visual� and� intuitive� form� is� con-

ducive�to�the�analysis�of�the�hidden�information�and�knowledge�behind�the�data.�When�con-

fronted� with�massive� texts,� people� need� to� browse� the�main� contents� of� each� text� or� the�

whole�text�set�quickly,�so�it�is�necessary�to�display�the�text�visually.

���Word�cloud� is�a�commonly�used� text�visualization�method,�which�maps� the�size�of�words�

in�two-dimensional�space�by�taking�the�frequency�of�occurrence�of�words�as�the�correlation�

measure.� For� instance,�Wordle� creates� a� presentation� similar� to� the�word� cloud� and�uses� a�

heuristic�method�to�optimize�the�use�efficiency�of�the�visual�area�(Viegas�et�al.,�2009)�Seifert�

et� al.� (2008)� introduce� an� algorithm� for� rendering� compact� visualization,� which� takes� any�

convex�polygon�as�the�boundary�to�obtain�higher�space�utilization.�Wang�et�al.�(2018)�design�

a� consistency� preserving� word� cloud� generation� method,� namely� Edwordle,� which� allows�

users� to�move�and�edit�words�while�preserving� the�neighborhood�of� their�words.�Paulovich�

et�al.� (2008)�propose�a�kind�of� least� square�projection� (LSP)� to� represent�documents�by� ar-

ranging�graphic�marks� in� the�visual� space,�and� the�distance�of�documents� in� the�projection�

space� reflect� the�content�similarity.�Andrews�et�al.�� (2002)�propose�a�method�of�hierarchical�

organization�of�document�sets�to�optimize�the�design�of�Voronoi�diagrams�and�use�bound-

ary�polygons�to�visualize�document�sets�of�specific�levels�in�the�hierarchy.

2.3 Spatiotemporal data visualization

The�spatiotemporal�attribute� is�an�important�feature�of�text�data,�which�refers�to�the�time�

attribute�and�the�geographic�attribute.�Time�attribute�refers�to�the�generation�time�of� index�

data,�while�geographic�attribute�refers�to� the�specific�place�where�behaviors�and�events�oc-

cur�or�belong.�Visualization�of�data�with�spatiotemporal�attributes� is�conducive�to�exploring�

data�characteristics�under�different�spatiotemporal�conditions,�to�assist�decision-making�and�

management.

���In�the�field�of�data�visualization,�many�scholars�have�discussed�how�to�conduct�efficient�vi-

sual�analysis�of�spatiotemporal�data.�Wang�et�al.�(2014)�explore�the�characteristics�of�vehicle�

operation�data�at� traffic� checkpoints� in�Nanjing.� They�use�dots�on� the�map� to�describe� the�

geographic�location�of�traffic�checkpoints,�and�design�attributes�such�as�color,�number�of�ar-
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rows�and�direction� to� represent� the� speed,� direction� and� volume�of� traffic� flow� at� different�

checkpoints.�Users�can�intuitively�analyze�and�discover�important�traffic�hubs�and�traffic�flow�

information�in�Nanjing.�Pu�et�al.� (2013)�propose�a�visual�analysis�system�T-Watcher.�Accord-

ing�to�GPS�data,�the�map�is�divided�into�raster�points,�which�are�clustered�to�form�a�regional�

view,�and�the�color�brightness�represents�the� traffic� flow.�The�dense�area�of� taxi�passengers�

can� effectively� present� the� distribution� of� hot� spots� in� the� city,� thus� helping� the� traffic� de-

partment� to�monitor�and�analyze� the�complex� traffic� situation� in�big�cities.�Wu�et�al.� (2016)�

design�a�visual�analysis�system,�TELCOVIS,�which�can�effectively�analyze�urban�crowd�move-

ment�behavior�for�recording�the�telecommunication�data�exchanged�between�mobile�phones�

and� base� stations� in� Guangzhou.� This� system� focuses� on� the� behavioral� characteristics� of�

co-occurrence,�and�studies� its� feature�extraction�and�association�analysis.� In� addition,� visual�

effects�such�as�contour�tree�diagram�and�parallel�coordinate�diagram�of�geographic�view�are�

designed�to�help�users�quickly� identify� the�common�behavioral�characteristics�of� the�crowd,�

and� provide� assistance� and� support� for� relevant� departments� to� study� and� analyze� urban�

crowd�activities�and�various�kinds�of�derived�social�problems.�Cao�et�al.� (2012)�make�use�of�

Twitter�data�to�develop�a�visual�analysis�system�Whisper,�which�is�able�to�analyze�social�net-

work�public�opinion�effectively�in�real�time�by�combining�geographic�information.

3 Task Analysis and System Overview

3.1 Data introduction

The�data�to�verify�the�visual�analysis�system�comes�from�the�"Topic-Overview"�section�of�a�

city's�network�political�platform,�which�published�28,357�e-government�opinion�data� for� the�

city's�three�districts�and�four�county-level�governments�between�2014�and�2020.�The�text�da-

ta�contains� geographic� attributes,� which� is� suitable� for� the� research� objective� of� analyzing�

the�correlation�characteristics�between�public�concerns�and�geographic� topics� in� this�paper.�

With� this� experimental� data� set,� it� provides� a� new� perspective� for� the� research� on� opinion�

data� of� government�work,� and� a� convenient� interactive� visual� analysis� way� for� government�

departments�to�understand�the�correlations�between�public�concern�topics�and�geographical�

space.

3.2 Requirements analysis

Through� close� communication� and� in-depth� exploration�with� domain� experts,�we� have� a�

detailed�understanding�of�the�practical�problems�and�interested�directions�of�domain�experts�

in�e-government�data�analysis,�and�finally�summarize�four�visual�analysis�tasks.

The�government� is�very�concerned�about� the� topics� that�people� in�different�geographical�

regions�are�most� interested�and�how�the� level�of�concern�varies.�Data�with�geographical�at-

tributes� integrate�the�geospatial� features�of� the�topics,�which� lead� to� the�distribution�of� the�

topics� covered�by� the�data� in�different� semantic� regions.� It� is�difficult� for� the� classical� topic�

mining� methods� to� obtain� accurate� semantics� when� extracting� topics.� Therefore,� how� to�

characterize�the�text,�construct�semantic�regions,�and�describe�semantic�correlations�so� that�

the�extracted�topics�contain�correct�semantics�is�very�important.

T2. Visualization of topic semantic features

Displaying�all�the�keywords�in�the�layout�space�visually�will�cause�serious�overlap�and�occlu-

sion,�which�is�not�conducive�to�intuitive�analysis�of�the�meaning�of�the�topics�for�users.�How�
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to�sample�representative�words�from�a�large�number�of�keywords�to�minimize�the�loss�of�se-

mantic�information�and�present�the�topic�semantics�clearly�in�a�visual�way�is�critical.

T3. Visualization of geographical distribution of topics

Topics�that�people�are�concerned�not�only�share�common�characteristics,�but�also�are�af-

fected�by� the�particularity� of� geographical� regions,�which� leads� to�geographical� differences�

in� topics.� It� is� worth� studying� that� how� to� establish� the� correlation� between� the� topic� and�

geographical� space,� and� visually� express� the� distribution� of� topics� in� geographic� space,� to�

show�the�hot�issues�that�the�government�departments� in�different�regions�need�to�focus�on�

intuitively.

T4. Visual analysis system for geographical distribution characteristics of topics

How� to� integrate� text�mining� algorithm,� visualization� and� interaction� to� design� a� system�

used�by�government�departments�for�interactive�visual�analysis�of�topic�and�geographic�cor-

relation�features�of�e-government�data�is�of�great�significance.�It�can�provide�convenient�da-

ta�analysis�tools�for�government�departments,�realize�the�one-stop�transformation�and�anal-

ysis�of�data� into�visual� interface,� interactively� choose� interested� regions�or� topics� according�

to�their�own�interests,�and�detect�the�changes�in�the�topics�of�public�concern�in�different�re-

gions.

Figure 1 Flow�chart�of�visual�analysis�system�for�large-scale�e-government�text�data

3.3 System overview

The�system�flow�chart�of�this�paper�is�shown�in�Figure�1.�Firstly,�the�data�is�segmented�and�

cleaned,�and�the�geographical�features�of�the�data�are�extracted.�Secondly,�Word2vec,�a�clas-

sical�model�of�word� representation� learning,� is�used� to�construct� the� semantic� space�of� the�

text�data.�t-SNE�is�employed�to�project�the�high-dimensional�semantic�vector� into�a�two-di-

mensional�plane,�so�as�to� facilitate�the�exploration�of� the�semantic�structure� features�of� the�
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data,� and� prepare� for� mining� topics� by� dividing� semantic� regions� according� to� semantic�

structure.� Then� the� blue� noise� sampling� technique� is� adopted� to� extract� the� key� semantic�

features� of� each� topic� in� order� to� determine� which� topics� the� public� discusses.� After� that,�

based�on�the�results�of�representation�learning,�the�semantic�similarities�between�topics�and�

geographic� opinions� are� matched� by� the� semantic� similarity� calculation,� to� establish� their�

correlations.�At�last,�by�means�of�visualization�technology,�word�representation�learning,�blue�

noise� sampling� and� semantic� similarity� calculation�methods� along�with� convenient� interac-

tion� are� integrated� into� a� visual� analysis� system� effectively.� It� helps� the� government� to� ex-

plore�the�topics�of�public�concern� for�government�work�and�the�correlations�between�topic�

and�geographic�space�deeply.

4 E-government Data Visualization

4.1 Visualization of semantic structure representation

Large-scale� e-government� data� targeted� at� different� regional� governments� integrate� the�

working�characteristics�of�different�functional�departments�and�the�special�concerns�of�peo-

ple� in�many�geospatial� regions,�making� the�data� characteristics� complex� and�diverse.�Com-

pared�with� probability-based� topic�mining,� it� is�more� advantageous� to� extract� topics� from�

the�perspective�of�semantic�structure.�In�this�paper,�the�text�data�is�represented�as�word�vec-

tors,�embedded� into�high�dimensional�semantic�space,�and� the�semantic�similarity�of�words�

is�judged�from�the�spatial�distance,�to�obtain�the�hot�topic�information�of�e-government�da-

ta.�The�specific�process�is�as�follows:

�� (1) Word embedding

Word2vec� is� a� natural� language� processing� method� that� converts� words� into� vectors�

through� representation� learning� to� express� semantic� information� of� text.� By� embedding�

words�into�a�semantic�space�where�semantically�similar�words�are�close(Shen�et�al.,�2014),� it�

is� easy� to� judge� the� similarity� between� words� according� to� geometric� distance.� Compared�

with� the� classical� methods� of� learning� text� representation� through� bag-of-word� model,�

Word2vec�model�takes�full�account�of�contextual�semantic�information�and�produces�a�high-

er�learning�quality(Tang�et�al.,�2015).�Therefore,� in�this�paper�we�use�Word2vec�to�represent�

text�data�and�construct� semantic� space� to� reveal� semantic� structure�of�words.� Each�word� is�

defined�as�a�vector�composed�of�word�and�word�ID,�and�the�corpus�is�generated�by�a�series�

of�words,�as�shown�in�Equation�1.
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�� (2) Dimensionality reduction

Words�are�converted�to�high-dimensional�vectors�by�means�of�Word2vec�model.�However,�

it� is� difficult� to� visually� explore� the� semantic� structure� of� data� and� calculate� semantic� dis-

tance� in� a� high-dimensional� vector� space�with� hundreds�of� dimensions.� Therefore,� to� solve�
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the�problem�of�visual�occlusion�and�computation�difficulty�of�high-dimensional�vectors,� it� is�

necessary� to� project� high-dimensional� vectors� into� two-dimensional� space.� t-SNE� (t-dis-

tributed� Stochastic� Neighbor� Embedding)� (van� der�Maaten�&� Hinton,� 2008)� is� an� effective�

way�for�dimensionality�reduction�of�high-dimensional�vectors.�It�is�able�to�capture�both�local�

and�global�features�of�data,�and�effectively�retain�the�original�features�of�data�during�dimen-

sion�compression�(Wattenberg�et�al.,�2016).�Due� to� the�good�performance� in�dimension� re-

duction,� t-SNE� is�used� to�project� the� representation� learning� results�of�Word2vec,� to�better�

reveal� the� semantic� similarity� of�Word2vec� in� two-dimensional� semantic� space� through� the�

connection�and�closeness�of�words�(Xia�et�al.,�2018;�Zhao�et�al.,�2019).

�� (3) Semantic region division of topics

In�order�to�further�extract�semantic�features�from�the�semantic�space�and�obtain�semantic�

categories,� so� as� to� extract� topics� of� government�work� opinion� data,� in� this� paper� we� use�

DBSCAN�� (van�der�Maaten�&�Hinton,�2008)�density�clustering�algorithm�to�classify�words� in�

the�semantic�space� into�meaningful�categories�according�to�their�densities.�The�core�of�DB-

SCAN� clustering� is� the�density� of� clustering� objects,�which� defines� the� cluster� as� the�maxi-

mum�set�of�density� connection�points.� It� can�divide� regions�with� high� enough�density� into�

clusters� and� treat� data� points� with� low-density� values� as� outliers.� Since� it� is� impossible� to�

predict�the�number�of� topics�concerned�by�the�public,� it� is�obviously�not� feasible�to�control�

the� learning� process� by� applying� supervision� conditions,� such� as� setting� independent� vari-

ables�and�the�number�of�target�clusters.�Compared�with�supervised�clustering�methods�such�

as�K-means�(Hartigan�&�Wong,�1979)�and�GMM�(Ebeida�et�al.,�2014),�DBSCAN�has�good�per-

formance�under�unsupervised�conditions,�so�we�choose�DBSCAN�clustering�method�to�mine�

topics.

(4) Structure representation

In�order� to�capture� the� representation� results�more� conveniently� and� verify� the�effective-

ness� of� the� proposed�method,�we� further� design� the� representation� projection� view� to� ex-

plore�the�representation�results�quickly.�Figure�2(a)�shows�the�results�of�public�opinion� rep-

resentation.�Each�data�point�in�the�figure�represents�a�word,�and�the�closer�the�distance�be-

tween� data� points� is,� the�more� semantically� similar� the� words� are.� It� can� be� seen� that� the�

compactness�of�semantic�structure�is�different�among�different�semantic�sections.�Figure�2(b)�

displays�the�topics�that�people�are�concerned,�which�are�represented�by�different�colors.

�����(a)�Word2vec�semantic�structure�representation���������������(b)��Topic�of�DBSCAN�for�clustering

Figure 2 Semantic�structure�representation�and�clustering

4.2 Visualization of topic features

(1) Blue noise sampling

Based� on� large-scale� corpus,� if� all� the� words� in� a� topic� are� arranged� in� the� word� cloud,�
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they�will�overlap�and�block�each�other�in�the�limited�screen�space,�resulting�in�a�lot�of�visual�

confusion.� Thus,� it� is� impossible� to� perceive� the� semantics� of� the� topic� of� interest� clearly,�

which� affects� the� effective� analysis� of� data.� Therefore,� sampling� representative� words� from�

large-scale�data�is�an�effective�method�to�solve�the�serious�occlusion�of�large-scale�data�lay-

out�in�limited�space.�In�order�to�simplify�the�words�in�original�topic�and�maintain�the�seman-

tic� features,� so� that� the�sampled�words�can� represent� the�original� semantics�of� the� topic� to�

the�maximum� extent,� we� use� the� blue� noise� sampling� algorithm� based� on� Poisson� disc� to�

perform�adaptive�sampling�for�each�topic.�Blue�noise�sampling�is�a�commonly�used�sampling�

algorithm�in�the�field�of�graphics,�which�simultaneously�satisfies�the�randomness�and�unifor-

mity�of�the�distribution�of�sampling�point�sets�and�can�maximize�the�retention�of�the�original�

semantics�of�data.�It�has�a�wide�application�in�point�cloud�sampling,�texture�rendering,�geo-

metric� processing� and� other� aspects� (Yan� et� al.,� 2015).� In� the� sampling� process,� an� active�

point� is�selected�randomly�as�the�center�by�throwing�dart,�and�the�radius� is�set�by�the�sam-

pling� rate� to� generate� the� sampling� disk.� The� generated� Poisson� disk�must�meet� the�mini-

mum�distance�characteristic,�that�is,�only�if�the�distance�between�the�centers�of�any�two�Pois-

son� disks� is� greater� than� the� sampling� radius,� the� generated� sampling� point� is� valid.� If� the�

generated�disk�is�inconsistent�with�the�previous�one,�it�will�be�rejected�(Godwin�et�al.,�2017).�

To�maintain�the�semantic�structure�of� the�original�data,�we�use�kernel�density�estimation� to�

evaluate�the�semantic�structure�density�of�the�samples,�with�the�formula�as�follows:�
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/f� (p)� is� used� to� obtain� the� sampling� radius,� where� ra� is� the� sampling� rate,� which� is� the�

number�of�subject�words�that�the�analyst�needs�to�display.

In� addition,� the� comparative� experiment� between� random� sampling� and� blue� noise� sam-

pling�algorithm�is�added�to�further�prove�the�superiority�of�blue�noise�sampling�in�the�sam-

pling�of�topic�words.�The�basic�principle�of�random�sampling� is� to�select�one�sampling�data�

point�randomly�at�a�time,�and�the�algorithm�will�automatically� traverse�all� the�data�until� the�

total�number�of�sampling�data�points�meets�the�preset�sampling�rate�requirements.�Random�

sampling�is�also�one�of�the�commonly�used�sampling�methods�in�data�abstraction.

(2) Word cloud

As�mentioned�above,�topics�with�different�semantics�are�obtained�based�on�representation�

learning,� and� then� expressed� by� sampled� words� through� blue� noise� sampling.� In� order� to�

display� the� semantic� features� of� each� topic� visually,� we� use� word� cloud� to� show� the� topic�

keywords�that�people�are�concerned.�Word�cloud�is�a�very�convenient�and�effective�text�visu-

alization� technology.�Words� displayed� in� the� word� cloud� are� the� topic� words� obtained� by�

blue�noise�sampling.�The�size�of�the�word�represents�the�occurrence�probability�of�the�word�

in� the�document.� The�greater� the�occurrence�probability,� the� larger� the� size� of� the�word� in�

the�word�cloud.�Figure�3�shows�the�word�cloud�view�of�topic�8�and�topic�11,�in�which�we�can�

directly�see�that�topic�8� focuses�on�education,�while� topic�11� focuses�on�medical�care.�Both�

of�them�have�clear�semantics.
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(a)Topic�8�����������������������������(b)Topic�11

Figure 3 Word�cloud�of�topic

Moreover,�we�also�design�a�multi-topic� semantically�preserved�word� cloud� to�display� the�

top�five�hot�topic�words�of�each�region�simultaneously.�Firstly,�the� layout�space�of�the�word�

cloud�is�divided,�and�the�same�topic�words�are�placed�in�the�same�area.�Secondly,�according�

to�the�attribution�of�words�to�a�topic,�the�keywords�of�different�topics�are�rendered�with�the�

corresponding�topic�colors�in�the�representation�space.

4.3 Visualization of geographical distribution features of topics

(1) Exploration of geographical distribution features of topics

In�order� to� further�explore�the�distribution�characteristics�of� topics� in�geographical� space,�

we� introduce� the� concept� of� semantic� similarity� calculation� to� analyze� the� correlation�

between�topics�and�geographical� space.�Semantic�similarity�calculation� (Palangi�et�al.,�2014)�

refers�to�a�method�to�calculate�semantic�association�of�text�by�calculating�semantic�distance�

between�two�texts� to�carry�out�similarity�matching.�Semantic�similarity�computing�has�been�

widely� used� in� intelligent� search� and� matching,� machine� translation,� etc.� Drawing� on� the�

concept�of� semantic� similarity� computing,�we�match� the� topic�with� the� semantics�of�public�

opinion�in�different�geographical�regions�to�obtain�their�associations.�The�vector�coordinates�

of�the�words�in�the�topic�in�the�two-dimensional�semantic�space�are�defined�as:
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where�m�is�the�number�of�words�in�the�geographic�corpus,(x

j

� , y

j

)�is�the�vector�coordinate�of�

word� j� in� semantic� space,� and� L

j

� represents� the� coordinate� set� of�word� vector.� Considering�

the� difference� of� word� vectors� in� semantic� direction,� we� use� cosine� distance� to�match� the�

text,�and�the�formula�is�shown�in�6:

D=

L

i

i

�·L

J

i

‖L

i

‖·‖L

j

‖

=

n

i

移

(x

i

�,�y

i�

)�·

m

j

移

(x

i�

,�y

i�

)

n

i

移

(x

i

2

+y

i

2

)�·

姨

m

j

移

(x

j

2

+y

j

2

)

姨

(6)

In�our� system,� the� semantic� similarity�between� topic� corpus� and�geographic� corpus� is� used�

to�represent�the�association�between�topic�and�geographic�information.�The�more�similar�the�

semantics� is,� the� greater� the� degree� of� correlation� is,� indicating� that� the� attention� of� that�
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topic�in�the�geographic�area�is�higher.

�� (2) Visualization of geographic distribution features of topics

This� section� designs� the� visualization� scheme� of� the� geographic� distribution� features� of�

topics,� including� the� visualization� of� the� geographic� distribution� features� of� a� certain� topic�

and�the�visualization�of�the�hot�topics�of�a�certain�region.�Firstly,�a�visual�display�of�the�distri-

bution�of�attention�heat�in�different�regions�is�designed�for�a�certain�topic.�We�use�map�view�

to� facilitate�government�departments� to�analyze� the�distribution�characteristics�of� the� topic�

in� different� districts� and� counties.� Figure� 5 (a)� is� a�map� of� the� administrative� divisions� of� a�

city,� including�7�districts.�Different�colors�are�used�to�fill�different�districts�according�to�how�

much�attention�each�county�pays�to�the�topic.�The�darker�the�color� is,�the�higher�the�atten-

tion�of�the�topic�in�a�certain�district.�In�Figure�5,�(b)�shows�topic�2,�which�deals�with�the�man-

agement�and�planning�of�land�and�resources�in�rural�construction;�(c)�displays�topic�3,�which�

is�about�the�renovation�and�demolition�of�dilapidated�houses;�(d)�is�topic�15,�which�is�related�

to�construction,� contract� signing�and� tax�payment.� From� the�distribution�differences�of�dif-

ferent�topics�on�the�map,�it�can�be�seen�that�topic�2�has�a�higher�attention�heat�in�districts�2,�

3�and�4;�topic�3�has�the�highest�attention�heat�in�districts�2,�4�and7;�and�topic�15�has�a�high-

er�attention�heat�in�districts�1,�5,�and�6.

Secondly,� in� order� to� support� the� government� departments� to� further� select� specific� re-

gions�of�interest�and�analyze�the�hot�topics�that�people�are�concerned�about�in�a�certain�re-

gion,�we�further�design�the�visualization�of�hot�topics� in�a�region.�By�clicking�on�a�region� in�

Figure�4(e),�the�corresponding�top�5�hot�topics�in�that�region�will�be�highlighted�in�Figure�4

(b),� and� the� topic� word� cloud� in� Figure� 4 (c)� will� be� replaced�with� the� corresponding� topic�

word�cloud�for�a�region�of�concern.

(a)Original�map����������������������������(b)Topic�2�������

(c)Topic�3�������������������������������(d)Topic�15

Figure 4 Geographic�distribution�features�of�topics

4.4 Visual analysis system

In� order� to� facilitate� government� departments� to� understand� the� differences� in� topics� of�
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public�concern�in�different�regions�and�adjust�the�direction�of�work�more�accurately,�a�visual�

analysis� system�of� topic�and�geographic�correlation�characteristics� is�designed� to�help�gov-

ernment�departments� conduct� convenient� interactive� visual� analysis�of�public�opinions.� The�

interface�of�the�system�is�shown�in�Figure�5.� Its�main�views�include:�(a)�Control�panel,�which�

helps� users� adjust� and� control� relevant� parameters.� (b)� Representation� visualization� of� se-

mantic�structure�of�opinions,�which�is�used�to�show�the�semantic�structure�of�public�opinions�

and� the� topic� of� concern.� (c)� Topic� semantic� feature� cloud� visualization,� describing� the� se-

mantic� features� of� the� topic� obtained� based� on�Word2vec,� DBSCAN� and� blue� noise� sam-

pling,�and�showing�the�semantic�features�of� the�top�five�hot�topics� in�each�district.� (d)�Data�

overview� window,� showing� topics� obtained� after� multiple� processing� and� the� number� of�

words� on� topics.� (e)� Visualization� of� the� geographic� distribution� characteristics� of� topics,�

which�describes� the�distribution�characteristics�of�each� topic� in�different�districts�and�coun-

ties.�(f)�Opinions�display�window�for�displaying�the�corresponding�original�opinions�of�differ-

ent�districts�and�counties,�and�the�topic�words�contained�in�the�original�opinions.�

��� In�order� to� facilitate� the�government�departments� to�choose� the�corresponding� topics�or�

regions�according�to�their�own�interests�for�analysis,�the�system�provides�a� large�number�of�

convenient� man-machine� interaction� window� linkage� operation.� Users� can� quickly� analyze�

and�explore�the�hot�topics�of�public�concern�and�the�geographical�spatial�distribution�char-

acteristics�of�the�topics.�The�text�mining�algorithm�encapsulates�the�required�features� in�the�

back-end�database�after�mining.�By� loading�data� for� visual�display� in� the� front-end� system,�

government�departments� can� conduct� visual� analysis� of� data� according� to� their� own� inter-

ests.

���Combined�with�the�algorithm�function�and�according�to�the�research�objectives�of�this�pa-

per,�the�interaction�design�of�the�system�is�as� follows.�After� the�system�loads�the�data,� first,�

when� clicking� the�Word2Vec� button� in� Figure� 5 (a),� the� system� displays� the�Word2Vec� se-

mantic� structure� representation�projection�diagram� in� Figure�5(b).� If� the�DBSCAN�button� is�

clicked,� Figure�5(b)� shows�17� topics,� each� represented�by� a� cluster� of� different� colors.� Sec-

ondly,�click�on�any�one� in�the�topic�bar�chart� in�Figure�5(d)� to�highlight� the�position�of� the�

topic� in�Figure�5(b)�and� the� sampled�words�of� the� topic� synchronically.�All�other� topics�are�

diluted.�At�the�same�time,�the�word�cloud�of�this�topic� is�shown�in�Figure�5(c),�and�the�heat�

distribution�of�this�topic�is�interactively�shown�in�Figure�5(e)�as�well.�Finally,�when�clicking�on�

a�district�in�Figure�5(e),�the�top�5�hot�topics�and�sampled�words�of�this�region�are�highlight-

ed�in�Figure�5(b),�and�word�clouds�of�the�top�5�hot�topics�of�this�region�are�shown�in�Figure�

5(c).�The�original�opinion�data�of�the�district�and�county�are�displayed�in�the�opinion�display�

window�in�Figure�5(f),�and�the�topic�words�of�each�district�and�county�are�highlighted�in�the�

opinion�display,�too.�Interaction�design�will�be�demonstrated�in�case�studies�more�realistical-

ly.��

5 Evaluation

In� this� paper,� we� adopt� React,� Python,� D3.js� and� other� technologies� to� implement� a�

Web-based�visual�analysis�system.�It�supports�users�to�explore�topic�and�geographic�associa-

tions� for� large-scale� e-government� text� data.� The� effectiveness� and� usefulness� of� the� algo-

rithm�and�visual�analysis�system�are�verified�through�a�series�of�cases�on�real�data�sets.
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Figure 5 Visual�interface�of�visual�analysis�system

5.1 Case Study

In� the� process� of� specific� case� study,� we� invite� users� with� experience� and� needs� of�

large-scale� e-government� text� data� analysis� to� use� the� designed� system.� The� data� analysis�

process� and� feedback� of� users� are� summarized,� recorded� and� analyzed� from� the� visual�

analysis� perspectives� of� topic� representation� structure� and� semantic� features,� algorithm�

comparison�and�geographic�spatial�distribution�features�of�topics.

Case1 Visual analysis of topic representation structure and semantic features

This�section�makes�a�visual�analysis�of� the� representation�structure�and�semantic� features�

of�the�topics�of�public�concern�through�specific�case�data.�Users�select�topics�5,�6,�9�and�14,�

whose�word�cloud�diagrams�and�the�corresponding�semantic�structure�representation�views�

are�shown�in�each�sub-graph�in�Figure�6.�The�highlighted�cluster� in�Fig.�6(b)� is�the�semantic�

structure� representation�view�of� topic�5� in� semantic� space,� in�which� the�highlights�with� the�

cross� symbol� are� the� sampled�data�points� that� correspond� to� the�words� in� Fig.� 6(a).� These�

sampled� points� are� evenly� distributed� in� the� topic� cluster.� It� can� be� seen� that� the�

representative�words�of�topic�5�in�the�word�cloud�keep�the�original�semantics�of�topic�5�well,�

without� serious� loss� of� original� semantics� due� to� sampling.� Further� analysis� of� the� topic�

semantic�representation�structure�diagrams�of�topics�6,�9�and�14�selected�by�users,�namely�6

(d),�6(f)�and�6(h),�shows�that�the�distribution�of�sampling�highlights�is�also�relatively�uniform.�

Therefore,� it�can�be� inferred�that�blue�noise�sampling�can�keep�the�semantic� information�of�

the�original� topic� to� the�maximum�extent,�and�optimize� the�spatial�distribution�of� the� topic�

words� in� the� word� cloud� to� avoid� the� problem� of� incomplete� perception� of� the� semantic�

information�of�the�topic�caused�by�visual�clutter�and�occlusion.

���Using�the�four�topics�selected�by�users,�the�semantic�features�expressed�by�the�topics�are�

further�analyzed�visually,�to�judge�which�topics�the�public�concerns.�As�shown�in�Figure�6(a),�

the� representative� topic� words� are� salary� increase,� employee� salary,� in-service� employee�

welfare,� treatment,� internship,�enterprise,�company,�etc.� It�can�be�seen� that� topic�5� is�about�

wages,� labor�relations,� labor�security�and�other�aspects�that�people�pay�close�attention.�The�

government� should� formulate�more� comprehensive� labor� law� and� related� regulations,� and�
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strictly�enforce�the�law�to�ensure�the�benefits�of�workers.� In�Figure�6(c),�the�topic�words�are�

urban�roads,�vehicles,�tickets,�street�vendors,�no�parking,�traffic�flow,�roadblocks,�streetlights,�

speed�bumps,� etc.� It� can�be� seen� that� topic� 6� is� about� urban�management,�which� reminds�

the�city�to�improve�in�the�management�of�traffic�and�street�vendors.

��������(a)Topic�5 �(b)Semantic�structure�representation�for�topic�5

�� ��������(c)Topic�6 �(d)Semantic�structure�representation�for�topic�6

�� ��������(e)Topic�9 �(f)Semantic�structure�representation�for�topic�9

(g)Topic�14 �(h)Semantic�structure�representation�for�topic�14

Figure 6 Visual�analysis�of�topic�representation�structure�and�semantic�features

��� In� Figure� 6 (e),� the� subject� words� are� electric� quantity,� natural� gas,� power� company,�

leakage,� meter� box,� faucet,� etc.� It� can� be� seen� that� topic� 9� is� about� water� supply,� power�

supply� and� gas� supply.� People� have� a� strong� demand� for� basic� conveniences� of� life,� and�
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relevant� departments� should� listen� to� public� opinions,� do� a� good� job� in� providing� services�

and� adjust� prices� reasonably.� In� Figure� 6(g),� the� topic�words� are� bus,� bus� company,� driver,�

public� transportation,� train� number,� station,� ticket,� toll� booth,� etc.,� and� users� can� easily�

perceive� that� topic� 14� is� about� transportation.� This� shows� that� the� public's� demand� for�

convenient� transportation� is� very� strong,� and� the� government� departments� should� actively�

provide�more�public�transportation�services.�

Case2 Visual analysis of algorithm comparison

This�section�further�verifies�the�validity�of�blue�noise�sampling�applied�to�semantic�feature�

preservation� of� the� topic� by� comparing� it� with� random� sampling� algorithm.� As� shown� in�

Figure�7,�we� selected� three� topics� to�compare� the�differences�between�blue�noise� sampling�

algorithm�and�random�sampling�algorithm�in�semantic�feature�preservation�of�topics.

���Figure�7(a)� is� the�word�cloud�of� topic�2,�and�the�red�highlighted�part� in� figure�7(b)� is� the�

position�of� topic�2� in� the�semantic�space,�where� the�data�points�marked�by�crosses�are� the�

words� sampled�by� the�blue�noise� sampling� algorithm,� corresponding� to� the� topic�words� in�

the�word�cloud.�The�red�highlighted�part� in�Figure�7(c)� is�also�the�position�of� topic�2� in� the�

semantic� space,�where� the�data�points�marked�by� the� cross� are� the�words� sampled� by� the�

random�sampling�algorithm.�According�to�the�distribution�of�sampled�data�points�in�Fig.�7(b)�

and�Fig.� 7(c),� it� can�be�perceived� that� the�blue� noise� sampled�data�points� have� a� relatively�

uniform� distribution� in� the� semantic� space� of� the� topic.� While� the� results� of� random�

sampling� show�an� irregular� distribution,�with� either� too�many� local� sampling� points� or� too�

few� local� sampling� points.� In� Figure� 7 (c),� the� three� unsampled� local� regions� are� further�

framed.� That� is� to� say,� the� semantics� of� these� three� local� regions�will� be�missing�when� the�

random� sampling� algorithm� is� used� to� sample� representative� topic� words,� resulting� in�

incomplete� semantics� when� the� semantic� features� of� the� topic� are� perceived� in� the� word�

cloud.

���Next,�for�topic�7,�whose�word�cloud�is�shown�in�7(d),�from�which�we�can�know�that�topic�7�

is�about�teaching�qualifications�and�campus�life.�From�Figure�7(e)�and�7(f),�it�can�be�seen�that�

the�distribution�of�sampling�points�of�highlighted�topics�is�still�relatively�uniform�in�the�case�

of� blue� noise� sampling,� and� relatively� uneven� in� the� case� of� random� sampling�whose� data�

points�in�two�local�semantic�regions�are�not�sampled.

���Finally,�through�the�analysis�of�topic�10,�it�can�be�seen�that�the�blue�noise�sampling�points�

in�Fig.�7(h)�present�a�relatively�uniform�distribution.�However,�the�random�sampling�points�in�

7 (i)� are� not� evenly� distributed.� In� the� upper� left� and� lower� right� parts� of� the� purple�

highlighted�cluster,�there�is�a�large�semantic�area�that�does�not�involve�any�sampling�points,�

respectively.� It� can� be� seen� that� the� result� of� random� sampling� leads� to� serious� loss� of�

semantic�information.

(a)Topic�2 (b)Distribution� of� blue� noise�

sampling�for��topic2�

(c)Distribution�of�random�sam-

pling�for��topic2
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Figure 7 Comparison�between�blue�noise�sampling�and�other�sampling�algorithms

Case3 Visual analysis of geographic distribution characteristics of topics

This�section�further�provides�the�visual�design�of�the�geographical�spatial�distribution�fea-

tures�of�topics,�to�facilitate�the�government�departments�to�perceive�the�geographical�spatial�

distribution�of�the�topics�of�public�concern�visually.�The�specific�visual�design�includes�select-

ing�a�topic�of�interest,�exploring�the�distribution�characteristics�of�the�topic�in�the�geograph-

ic�space�and� selecting�a� region�of� interest� to� explore� the� top�5� topics�most� relevant� to� the�

region.

��� As� shown� in� Figure� 8,� the� geographic� distribution� characteristics� of� the� topics� are� dis-

cussed� through� the�user's� selection�of�4� topics.� First,� from� the�word� cloud� in� Figure�8(a),� it�

can�be�seen�that�topic�3�is�about�related�to�the�renovation�of�dilapidated�houses�and�the�de-

molition�of�houses,�which�attracts�the�highest�attention�in�districts�2,4�and�7.�Therefore,�peo-

ple�in�these�three�districts�pay�more�attention�to�the�topic�related�to�the�reconstruction�and�

demolition�of�houses� than� those� in�others.�Then,� the�user� clicks� topic�4,� and� it� can�be� seen�

from�Fig.�8(c)�that�topic�4� focuses�on� issues�related�to�house�purchase,�mortgage�and�deed�

tax.�Fig.�8(d)�shows�that�the�topic�has�the�highest�attention�in�districts�5�and�16,�and�relative-

ly�low�attention�in�districts�2,�3�and�4.�When�the�user�chooses�topic�13,�it�can�be�found�from�

Fig.�8(e)�that�the�semantics�of�topic�13�is�about�social�security,�and�as�shown�in�Fig.�8(f),�this�

topic�has�the�highest�attention� in�districts�6�and�7.�Finally,� the�user�chooses�topic�15,�and� it�

can�be�found�from�the�word�cloud�in�Figure�8(g)�that�topic�15�is�related�to�project�construc-

tion,� project� tax� payment� and� project� contract� signing.� Topic� 15� attracts�more� attention� in�

districts�2�and�1�than�other�counties,�as�shown�in�Figure�8(h).

(d)Topic�7 (e)Distribution� of� blue� noise�

sampling�for��topic7

(f)Distribution� of� random�

sampling�for��topic7

(g)Topic�10 (h)Distribution� of� blue� noise�

sampling�for��topic10

(i)Distribution� of� random�

sampling�for��topic10
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(a)Topic�3� (b)Geographic�distribution�features�for�topic�3

(c)Topic�4� �(d)Geographic�distribution�features�for�topic�4

(e)Topic�13 (f)Geographic�distribution�features�for�topic�13

(g)Topic�15 (h)Geographic�distribution�features�for�topic�15

Figure 8 Visual�analysis�of�geographic�distribution�features�for�topics

Furthermore,�visual�analysis�of�hot�topics�in�a�certain�region�is�provided.�By�selecting�a�dis-

trict� or� county,� users� can� visually� see� the� top� 5� topics� of� concern� in� the� region.� As� can� be�

seen� from� Figure� 9 (a)- (c),� the� top� five� topics� that� district� 2� pay� attention� to� are� Topic� 1:�

household� registration,� family� planning� and� marriage� registration,� etc.,� Topic� 2:� rural� con-

struction�and�land�management,�Topic�3:�housing�demolition�and�reconstruction,�etc.,�Topic�

11:�medical�treatment,�and�Topic�14:�public�transportation.�When�the�user�selects�district�3�in�

Figure�9(d),�Figure�9(e)� shows� the� top� five� topics�of�concern� for� the�district,�and�Figure�9(f)�

synchronization� shows� the� corresponding�word� cloud.� Users� can� perceive� that� the� top� five�

topics�of�concern�in�district�3� include�topic�2:�rural�construction�and�land�resource�manage-

ment,� topic�6:�city� traffic�management,� topic�10:� the�urban�environment�and�pollution�con-
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trol,�topic�14:�public�transportation,�and�topic�16:�community�management.�The�user�further�

clicks�district�4� in�Figure�9(g).�Figure�9(h)�shows�the�top�5�topics�most�relevant�to�district�4,�

and�Figure�9(i)� shows� the�word�cloud�of� the�5� topics.�The�users� can�easily�perceive� the� five�

most� relevant� topics� of� district� 4� as� topic� 2:� rural� construction� and� land� resource�manage-

ment,� topic� 3:� housing� demolition� and� reconstruction,� etc.,� topic� 6:� urban� traffic� manage-

ment,�topic�14:�public�transportation,�and�topic�16:�community�management.

(a)District�2

(d)District�3

(g)District�4

Figure 9 Visual�analysis�of�hot�topics

���From�the�analysis�of�the�above�figure,� it�can�be�seen�that�although�there�are�some�differ-

ences�in�the�hot�topics�concerned�by�different�districts,�there�are�also�some�common�points.�

For�example,�from�the�point�of�view�of�traffic�development,�the�three�counties�are�more�con-

cerned� about� traffic� problems.� In� combination� with� the� reality,� these� three� districts� and�

counties� are� relatively� deficient� in� economic� and� transportation� development.� People� rely�

heavily�on�public� transportation� for� travel,� so� they�may�pay�more�attention� to� the�develop-

ment�of� transportation� and� road� construction.� In� addition,� the� three� hot� topics� of� regional�

discussion�are�all�related�to�rural�construction,� land�resource�management�and�crop�cultiva-

(b)Top�5�hot�topics�for�district�2

(c)�Word� cloud� of� top� 5� hot�

topics�for�district�2

(e)Top�5�hot�topics�for�district�2

(f)Word� cloud� of� top� 5� hot�

topics�for�district�2

(h)Top�5�hot�topics�for�district�2

(i)Word� cloud� of� top� 5� hot�

topics�for�district�2
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tion.�Combined�with�the�actual�situation,�we�found�that�these�three�areas�belong�to�the�sub-

urban�counties,�which�have�natural�advantages�in�the�development�of�crop�planting�and�ani-

mal�husbandry.�Moreover,�compared�with�the�southern�mountains,�these�three�areas�belong�

to�the�plain�terrain�and�the�terrain�is�relatively�gentle.�Therefore,�when�addressing�livelihood�

issues,� government� departments� should� not� only� pay� attention� to� the� topics� of� common�

concern,� but� also� take�measures� according� to� local� conditions� and� plan� public� service� and�

resource�allocation�policies�according�to�the�actual�problems�in�each�region.�

5.2 Discussion

In�this�paper,� the�method�of� large-scale�e-government� text�data�exploration� is� to�use� the�

word�representation�learning�method�to�obtain�the�semantic�structure�features�of�large-scale�

text�data,�and�then�use�the�density�clustering�method�to�explore�the�semantic�region� in�the�

representation� space� to�obtain� the� topic� of� government�work�opinion�data.� Then� the� topic�

words�are�obtained�based�on�blue�noise�sampling.�This�method�can�divide� topics�based�on�

semantic�structure�density,�and�effectively�retain�semantic� information�of�original�data�while�

reducing�visual�clutter�of�large-scale�network,�so�that�users�can�better�perceive�topics.�In�ad-

dition,�the�association�between�topic�and�geography�is�constructed�based�on�semantic�simi-

larity�calculation,�which�draws�on�the�method�of�calculating�semantic�similarity�between�two�

text�datasets� in�the� field�of�natural� language�processing.�This�method�can�well�measure� the�

degree� of� association� between� topic� and� geographic� information.� However,� there� are� still�

some�problems�in�this�paper�that�have�not�been�well�solved�and�need�to�be�further�studied.

���Firstly,�by�embedding�words� into�vectorized�space,�geometric�distance�can�be�used� to�ef-

fectively� represent� semantic� similarity� of� words.� Nevertheless,� due� to� the� randomness� of�

word�representation�learning�and�the�approximation�of�t-SNE�dimension�reduction,�some�er-

rors�will� inevitably�occur.� In�the�future�work,�this�study�will�try�to�design�a�better� topic�min-

ing�model,�so�as�to�mine�the�topics�of�public�concern�more�accurately�and�reduce�the�errors�

caused� by� the� randomness� of� the�model.� Secondly,� in� addition� to� the� deviation� caused� by�

representation� learning� and� dimensionality� reduction,� blue� noise� sampling�will� also� lead� to�

the�loss�of�original�information.�In�future�research,�we�will�try�our�best�to�design�a�better�al-

gorithm�to�optimize�blue�noise�sampling,�or�avoid�using� this�method,�but� still�optimize� the�

layout�of� the�subject�word� in� the�visual� space.� Finally,�when�visual�analysis�of� the� topic�and�

geographic�association�features� is�conducted,�due� to� the� limitation�of�data�acquisition,�only�

the�data�of�different�districts�and�counties�in�a�certain�city�is�used.�Therefore,�in�the�research�

on� the�association�between�people's� concern� topics� and�geographical� space,� the�difference�

analysis� of� people's� concern� topics� in� different� regions� is� only� limited� to� the� comparative�

analysis�of�small�geographical�space�areas.�Even�though�different�districts�and�counties�have�

differences�in�economic�conditions,�terrain�conditions,�political�status,�social�culture�and�oth-

er�aspects,�which�makes�the�focus�of�people�in�different�regions�will�be�different�to�some�ex-

tent.�But�we�hope�that�future�work�will�be�able�to�take�data� from�more�places�over�a� larger�

geographic�area,�so�that�we�can�study�whether�people's�concerns�are�more�markedly�differ-

ent�in�places�that�are�geographically�distant.�This�will�also�have�a�greater�reference�value�for�

the�government's�more�macro�policy�control.

6 Conclusion

In�this�paper,�we�explore�the�abstraction�of�large-scale�e-government�text�data,�and�design�
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a�visual�analysis�system�to�analyze�large-scale�text�data�in�a�convenient�visual�way.�Firstly,�the�

word� representation� learning�method� is�used� to�embed� the� text�data� into� the� high�dimen-

sional�vector�semantic�space.�The�two-dimensional�semantic�space�is�constructed�by�dimen-

sionality� reduction.�According� to� the� semantic� structure�of�words,� the�density� clustering�al-

gorithm� based� on� the� semantic� structure� is� selected� to� divide� the� semantic� region� of� the�

constructed�two-dimensional�plane,�so�as�to�mine�the�topic�of�public�concern.�Then�the�blue�

noise�sampling�algorithm�is�used�to�mine�the�representative�topic�words.�After� that,� the�as-

sociation�between� topic�and�geographical� space� is�established�based�on� semantic� similarity�

calculation.� Secondly,� we� integrate� the� algorithms� t0� design� the� flexible� interactive� visual�

analysis� system�of� large-scale� e-government� text� data.� Finally,� the� validity� of� the� algorithm�

and�the�system�is�evaluated�through�the�real�data�set� to� further�verify� the�practical�value�of�

the�system.
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ABSTRACT

HFMD�can�be�caused�by�a�variety�of�enteroviruses,�including�Coxsackievirus�A16�and�enterovirus�

71.�There�are�no�effective� therapeutic�measures� to� cure�HFMD�at�present.� So,� this� study�aimed�

to�analyze� the� spatial� relativity�and� the� local� accumulation� type�based�on� the� theory�of� spatial�

analysis� and� the� spatial� autocorrelation� analysis�module� of� ArcGIS� and� GeoDa.�We� found� that�

there�was�a�seasonal� trend� in�HFMD.�The� lowest� incidence�appeared� in�February,� and� the�peak�

of� the�reported� incidence�was�occurred�during� the�period� from�May� to� June.�However,� in�most�

cases,�another�peak�appeared�from�September�to�November.�The�trend�of�incidence�was�related�

to� age,� too.� The� overall� trend� of� the� reported� incidence� was� a� U-shape� in� north-south�

orientation�and�exposed�an� inverted�U-shape� in� east-west.� The� correlation�between� the� spatial�

distribution� of�HFMD�was� positive.�Hunan,�Guangxi� and�Guangdong�were� the� hot� areas,� while�

the�cold�spots�were�Jilin,�Inner�Mongolia,�Xinjiang,�Gansu�and�Qinghai.
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1 Introduction

HFMD�is�an�intestinal�disease�caused�by�a�variety�of�enteroviruses.�Infants�and�children�are�

more�susceptible�to�the�HFMD�(Cardosa�et�al.,�1999;�Chen�et�al.,�2004;�Kobayashi�et�al.,�2013;�

Wu�et�al.,�2010).� In�infected�people,�enteroviruses�cause�severe�illness�characterized�by�fever,�

painful�mouth�sores,�herpes�and�so�on.�Generally,�there�are�three�modes�of�transmission�pat-

terns:� spray,� air� and�direct� contact�with� a� patient� (Sun� et� al.,� 2016).� Signs� of�HFMD� include�

outbreak�on�a�large�scale�in�a�short�time,�high�infectiousness�and�mortality�(Xiao�et�al.,�2016).�

It� also�has�a�profound�negative� effect�on� the�physical� and�mental�development�of� children.�

With�increasing�age,�the�symptoms�will�be�milder�and�less.�

���HFMD�has�been�categorized�as�a�Class�C�legal�infectious�disease�on�May�2,�2008.�From�Jan-

uary�to�June�in�2018,�the�case�load�of�HFMD�in�China�was�1�004�056,�of�which�22�cases�result-

ed�in�death.�Studies�showed�that�HFMD�occurred�throughout�the�mainland�of�China.�The�inci-

dence�rate�of�HFMD�was�from�37.01/100,000�to�205.06/100,000.�In�recent�years,�the�reported�

mortality�was�between�6.46/100,000�and�51.00/100,000(National�Health�and�Family�Planning�

Commission�of�PRC,2018).�Therefore,�identifying�the�clustering�areas�and�the�period�of�HFMD�

outbreak�provided�evidence�and�scientific�base�for�prevention�and�control�measures.



2 Material and Methods

The Data of HFMD: The�data�of�patients�and� incidence�data� in�31�provinces� in� the�main-

land�of�China�(excluding�Taiwan,�Hong�Kong�and�Macau)�from�2009-2015�was�collected�from�

The�Data-center�of�China�Public�Health�Science� (CPC).�The�database�collected�all�data� since�

the�country�started�to�implement�network�report�of�infectious�disease�in�2008.�

��� Administrative� vector�maps� of� 31� provinces� in� the�mainland� of� China� were� downloaded�

from� Diva� GIS� (http://www.diva-gis.org/Data).� We� can� match� the� epidemiological� data� of�

HFMD� with� the� national� administrative� vector� map� by� using� the� province� name� as� the�

matching�variable�in�the�GIS10.3.

���Descriptive analysis: The�data�of�HFMD�cases�were�collected�by�month�and�year.�We�draw�

the�tendency�chart�of�the�incidence�and�mortality�of�HFMD�reported�from�2009�to�2015.�The�

graphic�location�was�aggregated�to�analyze�the�statistical�characteristic�of�HFMD,�too.

���Global trend analysis: In� this�paper,�we�draw�the�spatial�distribution�chart�of� incidence�of�

HFMD�reported.�This�approach�can�well�stimulate�the�development�trend�of�incidence�data.

���Global spatial autocorrelation analysis: This�paper�used� the�Moran's� I� index� to�determine�

whether�there�was�a�global�spatial�autocorrelation�relationship�in�31�provinces.�The�value�of�

the�Global�Moran's�I�is�between�-1�and�1;�if�I�is�more�than�0�and�P�is�less�than�0.05,�the�study�

variables�in�adjacent�regions�are�clustered;�if�Global�Moran's�I� is�equal�or�close�to�0,�there� is�

no�autocorrelation�(Getis�&�Ord,�2010;�Liu�et�al.,�2018),�meaning� that� the�data� is� random.� If�

Global�Moran's� I� is� less�than�0�and�P� is� less�than�0.05,� indicating� that� the� research�variables�

in�adjacent�regions�have�different�aggregation.�It�means�that�the�data�is�discrete.�The�Global�

Moran's�I�coefficient�formula�is:

���Where�n�means�the�number�of�study�space�regions.�The�W

ij

�is�the�weight�coefficient�of�the�

i�and� j� region,� reflecting� the�spatial� relationship�between�the� i�and� j� region.� If� i�area� is�con-

tiguous�with� j� region,�W

ij

�=1;�otherwise�W

ij

�=0.�x

i

��and�x

j

�are� the� research�variables(eg,�mor-

bidity)�in�the�i�and�j�region,�and�x�is�the�mean�of�the�study�variables�(eg,�average�morbidity).�

Generally,�the�coefficient�test�of�Global�Moran's�I�is�based�on�the�standardized�Moran's�I�or�z�

value,�which�test�whether�a�property�of�each�area�relevant�or�not.�The�formula�is�as�follows:

����Where� E (I)� and�V(I)� represent� the� expected� value� and� the� sample� variance,� respectively.�

the�probability�of�spatial�autocorrelation�is�90%�when�1.96�>|Z(I)|>1.65;�If�the�value�of�|Z(I)|�is�

less�than�2.58�and�greater�than�1.96,� the�probability�of�spatial�autocorrelation� is�95%;�when�

the�value�of�|Z(I)|is�more�than�2.58,�the�probability�of�spatial�autocorrelation�is�99%.

��� Local spatial autocorrelation analysis: The� local� spatial� autocorrelation� analysis� is� per-
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formed�by�the�Local�Moran's�I,�and�the�formula�is�as�follows:

���If�I>0,�it�indicates�that�the�area�has�similar�spatial�aggregation�with�the�adjacent�area;�if�the�

value�of�I<0,�it�means�that�the�spatial�aggregation�of�the�area�is�not�similar�to�that�of�the�ad-

jacent�area.� In�this�paper,�Moran�scatter�plot�was�used�to�analyze�the� incidence�of�HFMD�in�

mainland�of�China�(Anselin,�1995;�Ord�&�Getis,�2010).

���Moran scatter plot analysis: The�Moran�scatter�plot�describes�the�correlation�between�the�

variables�and�spatial� lagged�variable�by�observing�the�value�of�the�variables�in�each�position�

(Chen,�2017;�Ord�&�Getis,�2010).�In�this�paper,�we�used�the�GeoDa�to�export�the�Moran�scat-

ter�plot�of� the� reported� incidence�of�HFMD� in�main� land�of�China� from�2009� to�2015� (Li�&�

Chen,�2008;�Tang�et�al.,�2014).�And�the�evolutionary�path�of�the�reported�incidence�of�HFMD�

in�provinces�was�summarized.�

3 Results

Overall Distribution: As�we�can�see� from�Figure1,� the� reported� incidence�and�mortality�of�

HFMD�fluctuated�slightly�in�each�year.�It�reached�its�peak�in�2012.�Although�the�reported�in-

cidence�of�HFMD� in� 2014�was� higher� than� that� in� 2013,� it�was� still� not� higher� than� that� in�

2012.�At�the�same�time,�the�reported�mortality�of�HFMD�in�2009-2015�showed�the�same�ten-

dency.

The�monthly�time�series�of�the�case�load�of�HFMD�in�mainland�of�China�showed�a�significant�

seasonal� variation� (Figure� 1).� There�was� a� distinct� seasonal� tendency.� The�number�of� regis-

tered�HFMD�cases�increased�to�maximum�at�the�end�of�spring�and�the�beginning�of�summer�

in�each�year,�while�decreased�in�the�following�summer.�The�case�load�was�low�in�autumn�and�

winter.�

Figure 1

Figure� 2� showed� the� thematic� maps� of� the� reported� incidence� of� HFMD� in� various�

provinces� (excluding�Taiwan,�Hong�Kong�and�Macau).�The� reported� incidence�of�HFMD�was�

lowest� in�Xinjiang,� Tibet,�Qinghai,�Gansu,� Sichuan�and�Heilongjiang.� The� reported� incidence�

of�HFMD� in�Guangxi,�Hainan,�Guangdong,� Fujian,� Zhejiang,� Shanghai� and�Beijing�were� at� a�

high� level.� The� overall� reported� incidence� in� 2009-2015� presented� an� increasing� tendency.�

The�reported�incidence�in�the�eastern�region�was�higher�than�that�in�the�western�region,�and�

it�in�the�south�was�higher�than�that�in�the�north.�Besides,�the�incidence�in�the�coastal�region�

was�higher�than�that�in�the�inland�region,�too.
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Global spatial trend: Spatial�distribution�trend�of�every�year�from�2009�to�2015�was�found�

that� the� incidence� of� HFMD� showed� a� trend� of� U-shape� in� the� north-south� direction.� Fur-

thermore,�there�was�a�trend�of�inverted�U-shape�in�the�east-west�direction�(Figure�3).

Figure 2
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Figure 3

Spatial Autocorrelation Analysis of Global Moran I Index: There� was� significant� global�

spatial� autocorrelation� in� the� mainland� of� China� from� 2009� to� 2015,� and� its� range� was�

between�0.170�and�0.366�(Table�1).�The�z-tests�were�all�above�the�critical�value�of�1.96,�which�

meant� the� probability� of� spatial� autocorrelation� was� higher� than� 95% .� Therefore,� further�

research�must�be�done�into�the�spatio-temporal�clustering�analysis�of�HFMD.

Table 1

2009 0.364895 0.007018 0.000002 4.753568

2010 0.170577 0.006726 0.012904 2.486417

2011 0.238774 0.004520 0.000052 4.047568

2012 0.365107 0.006060 0.000000 5.118443

2013 0.326776 0.005570 0.000001 4.824962

2014 0.358232 0.005757 0.000000 5.160453

2015 0.289265 0.004494 0.000001 4.812061
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Moran scatter plot: Table� 2� showed� the� evolution� of� the� corresponding� quadrant� of� the�

Moran�scatter�plots�for�the�incidence�of�HFMD.

Table 2

In� the� past� seven� years,� Zhejiang,�Hainan,� Beijing,� Shanghai,� Fujian,� Hunan,� Guangxi� and�

Guangdong� had� been� in� the� first� quadrant� (HH)� for� a� long� time� or�most� of� the� time,� and�

Guangdong� was� often� significant.� Some� provinces� (including� autonomous� regions� and�

municipalities)� were� in� the� third� quadrant� (LL)� at� long-term,� including� Tianjin,� Shanxi,�

Shandong,� Ningxia,� Inner� Mongolia,� Liaoning,� Jilin,� Henan,� Heilongjiang,� Hebei,� Tibet,�

Xinjiang,� Sichuan,� Qinghai,� Hubei,� Gansu� and� Chongqing.� The� spatial� distribution� of�

incidence� in� Inner� Mongolia,� Jilin,� Tibet,� Xinjiang,� Sichuan,� Qinghai� and� Gansu� were�

Northeast

China

Liaoning 1(H-H) 3 3 3 3 3 3(L-L)

Jilin 1 3(L-L) 3 3(L-L) 3(L-L) 3(L-L) 3(L-L)

Heilongjiang 1 3 3 3(L-L) 3 3 3(L-L)

East China

Shandong 1(H-H) 4 3 3 3 3 3

Jiangxi 3 2 2 2(L-H) 2 2(L-H) 2

Fujian 2 1 1 1 1 1 1

Anhui 1 4 4 4 4 1 4

Shanghai 1 1 1 1 1 1 1

Jiangsu 1(H-H) 2 1 2 2 1 2

Zhejiang 1 1 1 1 1 1 1

North China

Neimenggu 1 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3(L-L)

Hebei 1(H-H) 1 3 3 3 3 3(L-L)

Shanxi 1(H-H) 3 3 3 3 3 3

Tianjing 1(H-H) 1 1 3 3 3 3

Beijin 1 1 1 3 4 4 3

the Central

of China

Hunan 3 1 1 1 1 1(H-H) 1

Hubei 3 3 3 4 3 2 2

Henan 1 3 3 3 3 3 3

Southern

China

Hainan 1 1 1 1 1 1 1

Guangxi 4 1 1 1 1 1(H-H) 1

Guangdong 4 1 1 1(H-H) 1(H-H) 1(H-H) 1

Southwest

of China

Chongqing 3(L-L) 3 3 2 3 2 4

Guizhou 3(L-L) 2 2 1 2 2(L-H) 2

Sichuang 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3 3 3

Yunnan 3(L-L) 2 3 2 2 2 1

Tibet 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3 3 3

the

Northwest鄄

ern District

of China

Xinjiang 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3(L-L)

Gansu 3 3(L-L) 3(L-L) 3(L-L) 3 3(L-L) 3

Qinhai 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3(L-L) 3(L-L)

Ningxia 1 4 3 3 3 3 3

Shaanxi 3 4(H-L) 3(L-L) 3(L-L) 4 4 4
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statistically� significant.� Jiangsu,� Yunnan,� Jiangxi� and� Guizhou� were� in� the� second� quadrant�

(LH)�over�a�long�period�of�time.�Besides,�the�spatial�distribution�of�Jiangxi�and�Guizhou�were�

significant�in�2012�and�2014�respectively.�The�provinces,�including�Anhui�and�Shaanxi�were�in�

the�fourth�quadrant�(HL)�for�quite�some�time,�but�only�Shaanxi�had�statistical�significance�in�

2010.

4 Discussion

Spatial�statistical�analysis� is� the�statistical�analysis� for�spatial�data.�Recognizing� the�spatial�

dependence,�spatial�correlation�or�spatial�autocorrelation�of�the�data�related�to�geographical�

location� is� the� core� of� research.� It� establishes� the� statistical� relationship� between� data�

through� spatial� location.� Compared� with� traditional� statistical� analysis,� the� relationship�

between� spatial� data� of� spatial� statistical� analysis� is� not� independent.� The� data� has� some�

correlation�in�space�and�different�degrees�of�correlation�at�different�spatial�resolutions.

��� It� discusses� the� role� of� geospatial� information� in� the� epidemic� of� infectious� diseases� by�

using� the� spatial� statistics�and�geospatial� information.�Spatial� statistical� analysis�will� help� to�

further� understand� the� epidemic� law� further.� It� can� also� provide� useful� information� for�

prevention�and�control�work� (Han�et�al.,� 2018).�Therefore,�providing� the�data�on� the� spatial�

and� temporal�aggregation�of�HFMD�to�policy�makers� can�help� them�develop�precautionary�

and�control�measures�for�HFMD.

��� The� results� suggested� that� the� prevalence� of� HFMD� may� have� a� seasonal� trend,� which�

displayed� the� high-risk� month� of� HFMD� in� every� year� from� 2009� to� 2015.� The� monthly�

reported� lowest� incidence� of� HFMD� was� in� February� each� year,� and� then� it� began� to� rise�

sharply.� The� peak� of� the� reported� incidence� of� HFMD� was� concentrated� between� May� to�

June.� After� that,� it� began� to� decline� gradually.� The� feature� was� similar� to� other� related�

literature� (Ni� et� al.,� 2012;� Zhu� et� al.,� 2011).� Another� reported� peak� appeared� between�

September� to�November.� But� the� value�of� peak�was� still� far� below� the� number�of� previous�

peaks.�According�to�the�reported�incidence�of�each�region,�the�provinces�with�high�reported�

incidence� in� the� past� seven� years� include� Guangxi,� Hainan,� Guangdong,� Fujian,� Zhejiang,�

Shanghai� and� Beijing,� which� may� be� related� to� large� population� density� and� the� high�

turnover� of� people.�Moreover,� the� climate�may�be� a� factor� that� generated� the� high� rate� of�

reported� cases� of� HFMD� in� these� areas,� too.� The� reported� incidence� of� HFMD� in� Xinjiang,�

Tibet,� Qinghai,� Gansu,� Sichuan� and� Heilongjiang� had� been� at� a� low� level.� In� addition,� the�

reported� incidence� continued� to� rise,� and� the� highest� annual� incidence� had� been� broken�

every�year.�Across� the�mainland�of�China,�on� the�one�hand,� the� incidence� in� the� south�was�

higher�than�that� in�the�north;�on�the�other�hand,� the� incidence� in�east�was�higher�than�that�

in�the�west.

���Autocorrelation�analysis�of�HFMD�outbreaks�in�2009-2015�showed�that�Moran's�I�statistics�

were� positive,� and� there�was� a� positive� correlation� in� spatial� distribution� of� HFMD.� Among�

them,� the� spatial� correlation� of� 2014� was� the� strongest� in� all� ages.� On� the� side,� hotspots�

were� chiefly� located� in� Hunan,� Guangxi� and� Guangdong,� the� cold� spot� areas� were� mainly�

distributed�in�Jilin,�Inner�Mongolia,�Xinjiang,�Gansu�and�Qinghai.�In�terms�of�national�data,�it�

was� also� important� to� be� in� the� first� quadrant� for� a� long� time� (Han� et� al.,� 2018).� The�

incidence�of�HFMD�in�2009-2015�had�evolved�over�the�past�seven�years,�forming�a�high-high�

accumulation�area�dominated�by�Zhejiang,�Hainan,�Beijing,�Shanghai,�Fujian,�Hunan,�Guangxi�

and�Guangdong.�Low-low�clusters�regions�had�been�formulated�out�with�the�Inner�Mongolia,�
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Jilin,� Tibet,� Xinjiang,� Sichuan,� Qinghai� and� Gansu� as� primary� areas,� too.� It� indicated� that�

similar�natural�environments�played�a�very�important�role�in�the�transmission�of�HFMD,�such�

as�climate,�sunshine,�and�rainfall�(Chang�et�al.,�2012;�Han�et�al.,�2018;�Zhao�et�al.,�2016).

��� In� this� paper,� GeoDa� was� used� to� map� the� Moran� scatter� plots� in� local� autocorrelation�

analysis�(Entrikin�et�al.,�2010;�Zhang�&�Zhang,�2007a;�Zhang�&�Zhang,�2007b).�However,�this�

method�had�certain�limitations.�If�the�region�had�no�land�connection�with�other�regions,�the�

weight� of� the� region� cannot� be� calculated� when� calculated� of� the� spatial� weight� matrix.�

However,� Hainan� Province� had� no� land� connection� with� other� provinces.� But,� the� reported�

incidence�of�HFMD�in�Hainan�Province�had�been�at�a�high�level�across�the�country,�so�it�was�

still�included�in�the�calculation.�This�paper�only�considered�the�spatial�aggregation�of�HFMD.�

In� addition,� the� research� failed� to� analyze� other� factors� affecting� HFMD� (such� as� climate,�

economic�development�level,�gender,�etc.).
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1 Problem

Keyword-based�search�(e.g.,�Google)�is�the�most�popular�tool�for�web�searching�and�infor-

mation� retrieval;� however,� keyword-based� searching� also� produces� many� irrelevant� results�

because�keywords�can�have�multiple�meanings�or�they�often�inadequately�express�users'� in-

tent�(Michael�&�Rajesh,�2011).�In�order�to�find�accurate�information,�users�waste�time�brows-

ing�long�lists�of�often-irrelevant�results.�In�addition,�keyword-based�search�does�not�provide�

adequate�support�to�users�but�strictly�returns�the�documents�whose�vocabulary�matches�the�

keyword� terms� (Wilson�et�al.,� 2009);� therefore,� it� fails� to� recognize� relevant�documents� that�

do�not�match�the�query�(Mann,�2008).�

2 Ontology and Topic Maps

Some�previous�research�tries�to� improve� information�searching�by�optimizing� information�

organization.�Ontology-based�indexing�technologies�area�promising�approach�(Patkar,�2011).�

By� establishing� an� ontology� on� the� basis� of� semantic� relationships� between� concepts,� the�

improved� information� organization� may� improve� users'� searching� performance� (Ji-

meno-Yepes�et�al.,�2010;�Yi,�2008).

��� Building� ontologies� can� be� done� using� Topic� Maps,� which� is� an� international� standard�

(ISO13250)� for� knowledge� representation�and�exchange.�According� to� Pepper� (2000),� Topic�

Maps�represent�information�concepts�and�their�relationships�using�the�following�elements:�

���●Topics:� represent� any� concept,� from� people,� countries,� and� organizations� to� software�

modules,�individual�files,�and�events;�

����●Associations:�representing�relationships�between�topics;�

����●Occurrences:�representing�information�resources�relevant�to�a�particular�topic.

This�paper�describes�a�project�that�has�created�a�Topic�Map�search�tool�for�a�mathematics�edu-

cational�database�containing�articles� from�the� journal�For� the�Learning�of�Mathematics.�The� re-

sulting�website� enables� users� to� retrieve� research� articles� based� on� a� variety� of� topics� such� as�

mathematics� classification,� research�methods,� educational� objectives,� in� addition� to� traditional�

bibliographic�information.�
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Compared�with�the�keyword�searching,�a�Topic�Map�aims�to�reduce�the�gap�between�desired�

results� (i.e.,�more� relevant� information)� and� the� large� result� sets� containing�much� irrelevant�

information� returned� by� traditional� keyword� search� tools� (Kwong�&�NG,� 2003;� Yi,� 2008).� A�

topic� map� represents� knowledge� through� topics,� associations� between� topics,� and� occur-

rences,�which�are�locators�pointing�to�information�resources�related�to�the�given�topics�(Pep-

per,� 2000).�A� topic�map�can� facilitate� information�discovery� and� retrieval� because� it� groups�

results�by�topics�that�users�can�visually�navigate�without�inputting�keywords�(Garshol,�2004).�

Topic�Map� users� can� retrieve� information� associated�with� a� topic� and� discover� information�

associated�with�previously�unknown�but�related�topics�(Melgar,�2011).�Assuming�a�topic�map�

application�that�is�integrated�with�a�keyword�search�engine,�a�student�can�filter�the�returned�

articles�by�topic,�choose�a�topic,�navigate�the�topic�map,�access�other�related�topics�via�asso-

ciations,�and�retrieve�information�without�conducting�additional�searches.�

���This�paper�describes�the�design�of�a�Topic�Map�search�tool�for�a�mathematics�educational�

database� containing� articles� from� the� journal� For� the� Learning�of�Mathematics.� The� project�

aims� to� enable� novice� and� expert� users� to� retrieve� scholarly� articles� based� on� a� variety� of�

topics� such� as�mathematics� classification,� research�methods,� and� educational� objectives,� in�

addition�to�traditional�bibliographic�information.

3 Previous Works

Topic�Maps�are�used�as�an�ontology-based�search�tool�in�various�domains.�Based�on�mea-

sures�of�recall�and�search�time,�an�experimental�study�using�40�participants�preforming�infor-

mation� retrieval� tasks� showed� that� a� Topic�Maps-based� ontology� information� retrieval� sys-

tem� had� a� significant� and� positive� effect� on� both� recall� and� search� time� (Yi,� 2008).� Topic�

Maps�have�been�used�to�generate�learning�materials�for�Chinese�herb�medication�(Shin�et�al.,�

2007),�and� they�have�been�applied� to� language� teaching� (Urbaniak�&�Venkatesh,�2012)�and�

aboriginal� language� preservation� (Pelczer� et� al.,� 2012)� to� represent� grammatical� and�

task-based�structures.�

���Topic�Maps�are�also�used�in�E-learning�applications.�For�example,�they�support�the�location�

of�appropriate�learning�resources�for�a�specific�student�in�a�given�context�to�ensure�effective�

learning� (Kolas,� 2006),� and�Dicheva� and�Dichev� (2006)� describe� the� TM4L� environment� that�

enables� the� creation,� maintenance� and� use� of� ontology-aware� online� learning� repositories�

based�on�the�Topic�Map�standard.�Widhalm�and�Mueck�(2010)�suggest�that�Topic�Maps�may�

be� used� instead� of� SCORM/LOM� for� the� characterization� of� E-learning� resources,� and� Lal-

ingkar�and�Ramani�(2010)�developed�a�Study�Facilitation�System�(SFS)�based�on�Topic�Maps.

4 Methodology

This�project�requires�a�domain�appropriate�subject�structure�(i.e.,�topics�and�their�relation-

ships),� the� assignment� of� these� topics� to� a� collection� of� articles� from� the� domain,� and� the�

development� and� implementation�of� a� live�Web� site� that� allows�browsing�and� searching�of�

the�collection�based�on�the�subject�structure.�The�pilot�test�was�also�conducted�by�interview-

ing� 5� users� regarding� their� experience� and� satisfaction� using� the� novel� Topic� Map� search�

tool.

4.1 Creating a Subject Structure

Traditional�academic�databases�(e.g.�ERIC)�allow�users�to�search�and�group�results�by�sub-

ject� heading�or� descriptor.�However,� these� subject� headings� and� descriptors� are� pre-desig-
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nated�based�on� the�articles'� content,�meaning� that�users� cannot�modify� them�according� to�

their�specific�needs�(e.g.�neither�the�subject�"Discrete�Mathematics"�nor�the�subject�"Combi-

natorics"�exists�in�ERIC).�In�this�case,�users�would�like�to�group�the�searching�results�not�only�

by�the�subject�discussed�in�the�content�but�also�by�metadata�not�currently�available�such�as�

the� research�method� or� the� educational� objective� applied� by� the� studies.� Therefore,� a� new�

subject� structure� was� created� based� on� users'� requirement.� The� Topic� Map� standard� was�

chosen�as�an�appropriate�tool�for�the�creation�of�this�subject�structure.�

��� Users'� needs� and� requirements� were� collected� by� consulting� subject-matter� experts� and�

conducting� a� needs� assessment.� The�Mathematics� Subject� Classification� (MSC)� 2010� served�

as� the�basis� for� the� subject� structure� topic� design,�which�was�modified� according� to� users'�

requests.�For�example,�new�topics�were�defined�(e.g.,�Academic�Level,�Research�Method,�Ed-

ucational�Objective)�as�well�as�their�associations.�Table�1�shows�examples�of� topics,�associa-

tion�and�occurrence�types�created�for�the�collection:

Table 1 List�of�Topics,�Associations�and�Occurrences

Topic

Article Academic Level

Author ����������Pre-School

Topic (Mathematics Classification) ����������Elementary

Discrete Mathematics Secondary

Applied Mathematics College

Mathematics Theory & Philosophy University

History of Mathematics General

Pure Mathematics Article Type

Algebra Opinions & Discussion

Arithmetic Research Paper

Calculus Peer Review

Combinatorics Project Report

Function Literature Review

Geometry Educational Objective

Infinity Teaching

Mathematics Analysis Curriculum

Numbers Pedagogy

Topology Educator

Trigonometry Learning

Research Methods Learning Objective

Quantitative Research Learning Environment

Qualitative Research Student

Mixed Methods Design History of Education

Other Methods Instruction

Association Occurrence

Write/Written by Volume No.

Discuss/Discussed by Issue No.

Applied to Publish Time

Related to Page

Classified as Content

Use/Used by

F.SHU
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Figure 1 The�2-layer�Topic�Map�model

���Figure�1�shows�that�Topic�Maps�consist�of�two�layers:�the�information�layer�contains�a�set�

of� information�resources� (i.e.,� the�database),�and�the�knowledge� layer�contains�a�knowledge�

map� consisting� of� topics� and� their� associations.� These� two� layers� are� connected� by�

occurrences� or� individual� documents.� The� 2-layer� model� separates� the� topics� from� the�

resources�that�demonstrate�these�topics,�and� it�establishes� the� relationships�between�topics�

without�accessing�the�database�of�resources�(Venkatesh,�2007).�Therefore,�search�results�can�

be� efficiently� filtered� or� grouped� by� topic� and� explored� using� the� relationships� between�

topics.� Compared� to� traditional� searching� applications� that� strictly� retrieve� documents�

matching� the� user� specified� keywords,� the� Topic�Map� search� tool� allows� users� to� navigate�

from�topic�to�topic�without�entering�additional�keywords.

4.2 Web Site Development

Ontopia� was� selected� as� a� Web� site� development� framework.� It� contains� a� set� of� tools�

whose� engine� stores� and� maintains� the� topic� maps.� Ontopia� also� includes� Ontopoly� and�

Omnigator,� both� used� to� design� and� display� the� Topic�Maps.� The� current� version� provides�

access�to�108�articles;�this�is�a�small�collection�used�for�the�initial�prototype�and�preliminary�

user�testing.
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As�shown� in�Figure�2,�Omnigator�allows�users�to�begin�a�search�by�visually�exploring�topics�

without�entering�keywords.�When�a�user�chooses�a�topic,�results�(e.g.,�articles)�related�to�this�

topic�are�returned�by�the�database.�Since�the�results�are�grouped�by�topic,�users�can�find�the�

results� related� to� the� same� topic� quickly� and� accurately� while� wasting� less� time� filtering�

irrelevant�results.�When�users�find�a�relevant�article,�they�can�either�retrieve�the�article�using�

an�external� link,�or�consult� the�article's�metadata�stored�with�the�Topic�Map.�Users�can�also�

inspect� related� topics� to� retrieve� articles� assigned� to� other� topics� without� restarting� the�

search�process.� For� example,� as� shown� in� Figure� 2,� assuming� the� user� has� found� an� article�

entitled� "Which Operations? Certainly not Division!"� related� topics� are� listed� in� the�

associations�(e.g.,�Applied�to:�elementary).

Figure 2 Screenshot�of�the�Omnigator�-�Article

� If� the� user� desires� to� read�more� articles� concerning� Arithmetic,� she�may� click� on� "Arith-

metic"� under� its� "Discuss/Discussed� by"� association� and� the� system� returns� all� articles� as-

signed�to�"Arithmetic"�as�shown�in�Figure�3.

Figure 3 Screenshot�of�the�Omnigator-Arithmetic

F.SHU
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4.3 Test

A� pilot� test� was� conducted� to� collect� users'� experience� with� the� system.� This� was� not� a�

task-based�evaluation�but�a�user-centered�evaluation�placing�emphasis�on�users'�satisfaction.�

Since� the� system� is� designed� for� retrieving� scholarly� mathematics� articles,� most� users� are�

graduate�students�or�scholars� in�mathematics�or� information�science.�According�to�this�user�

population,� two� participants� were� selected� from� School� of� Information� Studies� at� McGill�

Universityand� three� participants� were� selected� from� Department� of� Mathematics� at�

Concordia�University.�The�participants�were� selected�by�means�of�a�purposive� sample�using�

the�snowball� recruiting�method�to� identify� the�participants.�Participants�were�recommended�

by�friends�and�informed�the�purpose�of�my�research�and�the�method�of�data�collection.

Participants�were� not� required� to� complete� any� specific� tasks� or� queries� but� to� share� their�

experience� in� using� this� new� Topic�Maps� search� tool.They�were� asked� to� read� a� document�

that�described�the�purpose�of�the�test�and�brief�usage�instructions�for�Omnigator.�They�were�

asked� to� use� Omnigator� to� find� mathematics� articles� of� interest.� To� ensure� an� adequate�

familiarization� with� the� system,� they� were� required� to� spend� at� least� two� hours� using� the�

system� in� one� week.� Afterwards,� they� would� share� their� stories� and� express� their� feelings�

concerning�the�system�by�answering�four�open-end�questions:

������● Do�you�like�this�novel�Topic�Maps�search�tool�(Ontopia)�in�general?

�����● Does�Ontopia�provide�satisfactory� search� results� in� terms�of�accuracy�as� compared� to�

searching�directly�in�the�academic�database?

�����● Does�Ontopia�provide�a�satisfactory�performance�in�terms�of�search�time�compared�to�

searching�directly�in�the�academic�database?

�����● Are�you�satisfied�with�Ontopia�in�terms�of�its�layout,�interface�and�functionality?

5 Results

All� five�participants�stated� they� liked� the� idea�of�searching� for�articles�by� topics�using� the�

novel�Topic�Maps�search� tool� (Ontopia).� They�believed� that�Ontopia�had�positive�effects�on�

search�accuracy�because� it� filtered� the�articles� that�did�not�concern� their� chosen� topic�even�

when� these� articles�matched� the� keyword� search� term(s).� All� five� participants� declared� that�

Ontopia� saved� time� because� they� could� navigate� from� topic� to� topic,� or� from� article� to�

article,� without� typing� keywords� or� accessing� the� database� of� articles.� Four� out� of� five�

participants� were� satisfied� with� Ontopia� in� terms� of� its� layout,� interface� and� functionality.�

One� participant� complained� that� he� could� not� search� through� the� full-text� of� the� articles�

since�Ontopia�offers�a�full�text�search�restricted�to�metadata.This�could�be�a�weakness�of�the�

system� since� a� Topic�Map� integrated� with� full-text� keyword� searching�may� improve� users'�

searching�performance�by�offering�both�search�techniques�in�conjunction.

6 Conclusion

This�ongoing�project� illustrates�the�potential�of�Topic�Map�search�tools,�and�ontologies� in�

general,� to� retrieve� articles� from�an� academic�database,� and� improve� our� understanding� of�

the� possible� interactions� between� users� and� Topic� Maps.� A� Topic� Map� integrated� with� a�

traditional�keyword�search�engine�may�facilitate�searching�by�grouping�the�search�results�by�

topics,� and� improve�users'� searching�performance�by� allowing� them� to� navigate� from� topic�

to� topic� without� inputting� keywords;� thus,� allowing� users� to� retrieve� more� accurate�
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information�in�less�time.�
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It� has� been� evidenced� that� peer� review� activities� are� positively� correlated� to� scientists'�

bibliometric� performance� (e.g.,� Ortega,� 2017,� 2019).� However,� how� the� number� of� paper�

'reviewing'� interacts� with� a� scientist's� 'publishing'� has� not� been� addressed� in� previous� studies.�

This� paper� attempts� to� employ� the� Granger� causality� inference� to� explore� the� directionality�

between� a� scientist's� publication� performance� and� his/her� review� activities.� Our� dataset�

comprises�scientists'�reviewed�articles�derived�from�Publons�in�the�Web�of�Knowledge�database,�

and� their� publications� retrieved� from� PubMed.� We� find� that� scientists� who� reviewed� less� or�

published� less� tend� to� have� Granger� causality� between� reviewing� and� publishing� activities.� In�

addition,� compared� with� early-career� researchers,� reviewing� advances� publishing� for� senior�

scientists.

�Granger�Causality�Inference;�Peer�Review;�Scientific�Publications;�Science�of�Science
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1 Introduction

Peer� review� is�a�process�of� subjecting�an�authors'� scholarly�work,� research,�or� idea� to� the�

scrutiny�of�others�who�are� experts� in� the� same� field� (Ware,� 2008).� This�procedure� improves�

the� quality� of�manuscripts� and� filters� the� scientific� community's� scientific� outputs.� It� is� the�

heart�of�all�science�through�which�papers�are�published,�grants�are�allocated,�researchers�are�

promoted,�and�prizes�are�awarded�(Smith,�2006).�

��� According� to� the� recent� peer� review� system,� scholars'� activity� to� review� submitted�

manuscripts�is�underpaid.�There�exist�at� least�two�reasons�why�scholars�are�willing�to�review�

activities.�On� the�one�hand,� some�scholars�considered�peer� review�as�one� important�part�of�

their�academic�job;�on�the�other�hand,�it�is�believed�that�the�peer�review�process�is�an�invalu-

able�approach�for�researchers�to�stay�up-to-date�with�research�trends�in�their�fields.�Howev-

er,�the�number�of�submitted�manuscripts�is�increasing�rapidly�year�by�year,�which�has�caused�

the� demand� for� reviewers� to� outstrip� the� supply.� The� overload� reviewing� work� for� each�

scholar�may�cause�their�declining�review�invitations.�The�primary�reason�is�that�the�effort�put�

into� this�procedure�has�not�been�adverted� into� a� reward� system�among� the� scientific� com-

munity�(Ortega,�2017).�The�lack�of�recognition�for�reviewers�can�be�attributed�to�the�difficulty�

of� identifying�or�quantifying� the�quality�of� review�activity�because� the�personal� information�

* Corresponding author: lijiang@nju.edu.cn



C.WEI ET AL.

1

https://publons.com/.

about�reviewers�and�review�records�in�the�current�peer�review�system�is�anonymous.�Conse-

quently,�There�are�no�metrics�to�measure�reviewing�activities�of�scholars�and�it� is�more�diffi-

cult�for�researchers�to�explore�relationships�between�reviewing�activities�and�other�academic�

activities.�By� this� time,�scholars�will�weigh�up� the�pros�and�cons�of� reviewing�activity� to�de-

cide�whether� they� accept� the� request�of� reviewing�manuscripts� from� journal� editors� and/or�

conference�chairs.

���To�this�end,�some�online�websites,�such�as�Publons

1

,�a�peer�review�platform,�attempted�to�

identify�scholars'�contributions�for�their�reviewing�activities.�In�this�platform,�reviewers'�devo-

tion�can�be�acknowledged,�and� journal�editors�can�find�appropriate� reviewers� for�submitted�

manuscripts� (Cuellar,� 2018).� In� the�meantime,� such� a� platform�has�provided� an�opportunity�

for� scholars� to� dive� into� peer� review� activity� and� relationship� with� other� research� activities�

profoundly,�such�as�paper�publishing.�

��� The� relationship�between� reviewing�activity�and�other� research�activities,� such�as�publish-

ing� activity,� has� been� discussed� in� recent� years� (Ortega,� 2017,� 2019).� They� primarily� imple-

mented� correlation-level� analyses� between� reviewing� and� publication� activities.� Yet,� the� di-

rectional� effect� between� the� two� activities� has� been� ignored.� In� another� word,� it� is� unclear�

whether�more� review� tasks� lead� to�more�papers�published,�more�papers�published� result� in�

more� review� tasks,� or� bidirectionality� between� two� activities.� Apart� from� directionality,� the�

time� lag�between� the� two� time� series� (i.e.,� the�monthly� numbers� of� publications/reviews)� is�

also�neglected.�For�example,�as�there� is�a� life�cycle�of�one�scientific�publication,� the�number�

of�reviewing�articles�in�this�year�may�affect�the�number�of�articles�published�in�the�next�year.�

Simultaneously,� the� lag� time� should� vary� for� different� scholars� in� various� disciplines� rather�

than�a�fixed�value�for�all�scholars.

��� Therefore,� this� study� aims� to� explore� the� directional� effects� between� reviewing� and� pub-

lishing� activities� based�on� the�publication� records�derived� from�PubMed� and� the� reviewing�

records�acquired� from�Publons� from�2012� to�2018.�We�conducted�Granger-causality� test� to�

examine� directionality� between� two� activities.� Although� Granger-causality� inference� cannot�

indeed� illustrate� the� "real� causality"�of�peer� review�and�publication�of� scholars,� this�model's�

result�could�still�offer�us�more�significant�information,�such�as�the�directionality�between�two�

activities,�than�correlation�analysis.�In�the�meantime,�we�will�conduct�Granger-causality�infer-

ence�case�by�case�to�identify�the�fittest�lag�time�for�each�scholar.

2 Related Studies

In�academia,�scholars�tend�to�publish�academic�manuscripts�in�journals�or�attend�academic�

meetings� to� improve� the� knowledge� reserve� in� professional� disciplines� and� support� their�

scholarly�productivity� (Newhart�et�al.,�2020).�Publications�of� scholars�have�become�a� signifi-

cant�indicator�for�rewards,�funding�grants,�and�promotion�(Inoannidis�et�al.,�2014).�There�ex-

ist�quantities�of�subjective�and�objective�factors�influencing�scholars'�publication�in�their�aca-

demic�careers.�

���Subjective�factors,�including�gender,�family,�and�time�constraint,�may�affect�scholars'�publi-

cation�productivity� (Newhart�et�al.,�2020).�Although�the�gender�difference� in�scholars'�publi-

cations�has�been�decreased�over�the�last�30�years�(Caplar�et�al.,�2017),�gender�inequality�still�
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exists� in� some� disciplines.� For� instance,� in� astronomy� (Mayer� et� al.,� 2017),� female� authors�

write� 19�±7%� fewer� papers� in� seven� years� following� their� first� paper� than� their� male� col-

leagues.� In� the�meantime,� publication� productivity� is� related� to�marriage.� For� example,� for�

women� particularly,� the� relationship� between� productivity� and� marriage� varies� by� type� of�

marriage:� first� compared� with� subsequent� marriage� and� spouse's� occupation� in� science�

(compared� with� non-scientific� employment).� Women� with� preschool� children� have� higher�

productivity� than� women� without� children� or� school-age� children� (Fox,� 2005).� Besides,� the�

publication�process� is� a� demanding� and� take-consuming� activity,� and� time� constraints�may�

be�the�most�common�barrier�to�publication�of�scholars�(Chen,�2011).�

���Objective�factors,�containing�faculty�ranks�and�source�of�funding,�also�have�a�significant�in-

fluence�on�publication�productivity�(Newhart�et�al.,�2020).�Historical� literature� illustrated�that�

researchers�with�upper� levels� performed�more� remarkable� than� those�with� lower� ranks.� For�

instance,�based�on�all� Italian�university�researchers'�performance�in�the�hard�sciences�for�the�

period�2004-2008,�Abramo�et�al.�(2011)�found�that�lower�academic�ranks�typically�owned�less�

output� than�higher� grades.� The� higher� levels� holding� greater� seniority� and�more� incredible�

experience�in�the�professional�fields�contributed�to�this�apparent�phenomenon.�Furthermore,�

funding�is�positively�correlated�with�increased�output,�and�researchers�who�received�funding�

from�the�aerospace�engineering�program�published�2.59�articles�more�than�those�not�receiv-

ing�funding�support�(Goldfarb,�2008).

��� Peer� review� is� fundamental� and� essential� in� the� scientific� process.� It� can� provide� quality�

control�of�what�science�should�be�published,�funded,�and�who�should�be�promoted�(Wagner,�

2006).�Meanwhile,�the�peer�review�is�underpaid�for�reviewers.�Therefore,�a�successful�peer�re-

view� system�depends� on� the� reviewer's� willingness� to� review�manuscripts.� Rapid� growth� in�

scientific� production� puts� a� burden� on� the� scientific� peer� review� system,� and� the� system� is�

facing�a�crisis�(Kovanis,�2016).�Editors�have�assumed�that�it�is�the�overload�of�reviewing�activ-

ity� that�makes� researchers� less�willing� to�perform� the� anonymous,� time-consuming� yet� un-

derpaid� tasks� associated� with� reviewing� papers� (Breuning,� 2015).� Fortunately,� some� online�

platforms�such�as�Publons�attempted�to�give�scholars�credit�for�their�reviewing�activities�and�

provided� a� new� research� perspective� matching� bibliometrics� indicators� to� assess� scholars'�

output.�

���Scholars�have�dived�into�the�relationship�between�publication�activities�utilizing�bibliomet-

rics�indicators�and�reviewing�activity�based�on�the�scholars'�reviewing�records�from�Publons.�

For� instance,�based�on�publishing� records�derived� from�Google� Scholar� and� reviewing�data�

from�Publons,�Ortega�(2017)� found�that�there�seems�to�be�a�weak�correlation�between�bib-

liometric�indicators,�such�as�the�number�of�publications.�Similarly,�Ortega�(2019)�explored�the�

relationship� between� Publons�metrics� and� altimetric� counts,� and� there� is� also� a� week� rela-

tionship�between�them.�Based�on�the�previous�studies,�it�is�obvious�that�the�correlation�does�

not� uncover� the�directionality� of� two� variables� or� consider� the� lag� time� of� two-time� series.�

This�paper�will�utilize�the�Granger-causality�inference�method�to�discover�the�directional�rela-

tionship�between�reviewing�activity�and�publication�productivity�of�scholars�(Granger,�1969).

���The�Granger�causality�inference�has�been�applied�into�quantities�of�discipline,�such�as�busi-

ness�economics�(Akkemik�&�Goksa,�2012;�Rahimi�et�al.,�2017),mathematics�(Inglesi-Lotz�et�al.,

2014),� neurosciences� neurology� (Barnett� et� al.,� 2014;� Chen� et� al.,� 2006),� behavior� science�

(Schippers�et�al.,�2011),�Psychology�(Wang�et�al.,�2007;�Zhou�et�al.,�2009),�public�administra-

..
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tion�(Altuzarra�&�Esteban,�2011;�Beyzatlar�et�al.,�2014;�Bilen�et�al.,�2017).�For�example,�based�

on� Spanish� quarterly� data� for� 1977-1998,� Bajo-Rubio� (2001)� analyzed� the� relationship� be-

tween�outward�foreign�direct�investment�(FDI)�and�exports.�The�results�indicated�that�the�re-

lationship�between�two�variables�is�from�outward�FDI�to�exports�in�the�short�run�and�bilater-

al�Granger�causality� in�the� long�run�(ajo-Rubio�&�Montero-Muｎ

～

oz,�2001).�Zhang� (2011)�uti-

lized�some�econometric�techniques,� including�the�Granger�causality� test,�etc.,� to�explore�the�

influence� of� financial� development� on� carbon� emissions� and� found� that� China's� economic�

development� acts� as� an� important� driver� for� carbon� emissions� increase.� However,� in� man-

agement�science,�there�seem�just�a�few�papers�applying�this�method�(Chang�et�al.,�2018).�For�

instance,� by� tracking� 3,390� products� on� Amazon.com� over� two� months,� Ren� (2018)� found�

that� the� volume�of� negative� consumer� reviews�drives� consumers'� purchasing�decisions,� but�

the�magnitude�of�positive�consumer�reviews�only�marginally�affects�purchasing�decisions.

3 Data and Methods

Our�dataset�consists�of� time�series�of�scholars'�publishing�and�reviewing�records.�The�two�

metrics�indicators�are�the�number�of�publishing�and�reviewing�articles�per�month.�The�publi-

cation�data� is�derived� from� the�PubMed�database.� PubMed� is� a� free� source�developed� and�

maintained�by�the�National�Center�for�Biotechnology�Information�(NCBI),�a�division�of�the�U.

S.�National�Library�of�Medicine�(NLM),�at�the�National�Institutes�of�Health�(NIH).�PubMed�ci-

tations�and�abstracts�include�biomedicine�and�health�fields�and�cover�portions�of�the�life�sci-

ences,�behavioral� sciences,�chemical� sciences,� and�bioengineering� (Canese�&�Wei,�2013).�Si-

multaneously,� the� peer-reviewing� records� are� acquired� from� the� platform,� called� Publons.�

Publons�is�the�world's�leading�peer�review�platform�to�officially�recognize�the�reviewer's�con-

tribution� to� the� Journal� of� Transcultural� Nursing� (JTCN)� (Cuellar,� 2018).� In� this� platform,�

scholars�can�create�a�personal�profile�to�display�the�information�of�manuscripts�they�have�re-

viewed,�such�as,�the�journal�and�numbers�of�reviewing�articles.�

���The�reviewing�records�covered�all� the�scholars'�activity� in�the�Publons�database� from�Jan-

uary�2012�to�December�2018.�The�publication�records�are�also�between�January�2012�to�De-

cember�2018�from�the�PubMed�database�to�ensure�the�two�time�comparability�series.�Firstly,�

we� excluded� the� review� records� without� ORCID� in� the� Publons� database� (1,192,255� review�

records� remained).� Then,�we� acquired� 4,072,414� articles�with�ORCID� and� information� about�

manuscripts'� publication� time� from� the� PubMed�database.�We� obtained� the�monthly� num-

bers� of� publishing� and� reviewing� articles� between� January� 2012� to� December� 2018� by�

matching� ORCID� (1,467,950� records� of� 49,379� scholars� remained).� Finally,� we� excluded� the�

time�series�pairs�whose�lengths�are�less�than�15�to�ensure�that�a�sufficient�length�of�time�se-

ries� for� further� analyses� (1,219,507� records� of� 23,126� scholars� remained)� (Hoffmann� et� al.,�

2005).�Subsequently,�our�samples�comprised�all�series�whose�sizes�are�at�least�15�time�points�

for�both�variables�without�missing�value.�The�max�length�of�the�series�equals�226�months.�In�

other�words,�the�length�of�time�series� is�between�15�months�to�226�months.�Finally,�we�uti-

lized�Granger�causality�inference�step�by�step�and�case�by�case�to�uncover�directional�effects�

between�reviewing�and�publishing�activities.�This�model's�core�concept� is�to� introduce�accu-

rate� lagged�variables� for� every� time� series� and�examine� the�effect� from� the� lagged� form�of�

one�variable�on�the�other.
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Figure 1 Length�of�time�series�in�our�dataset

Moreover,�we�examined�the�different�directional�effect�patterns�with�different�academic�ages,�

different�productivity�of�reviewing�and�publishing�activity�utilizing�One-way�ANOVA.

4 Empirical results

Table�1�has�displayed�the�statistic�descriptive�of�our�data�sample.�Then,�we�conducted�the�

Granger-causality�test�to�explore�the�directional�relationship�between�reviewing�activities�and�

publication� productivity� of� scholars.� This� method� consists� of� four� steps� (Hu� et� al.,� 2021),�

including� the� stationarity� test,� confirming� each� time� series� pair's� accurate� lag� time,�

cointegration�tests,�and�Granger-causality�tests.

Table 1 Descriptive�statistics

4.1 Stationarity tests

Time�series�analysis�has�an�assumption�that�the�utilized�time�series�should�be�stationary.�In�

fact,�in�many�cases,�the�time�series�are�non-stationary.�If�we�run�a�non-stationary�time�series,�

a� spurious� result� will� be� acquired,� and� then� we� will� fail� to� speculate� the� true� trend� of� the�

time�series.�The�core� idea�of�stationarity�tests� is� to�check�whether�both� time�series� for�each�

scholar�has�a�unit�root.�If�there�is�a�unit�root,�the�time�series�seems�non-stationary.

���This�paper�will�utilize�the�augmented�Dickey-Fuller�tests�(ADF)�to�test�each�time�series�pair�

case� by� case.� If� a� time� series� passes� the� ADF� test� as� p� values� are� significantly� less� than� a�

threshold� (the� value� of� the� threshold� is� set� as� 0.05� in� this� paper),� we� can� identify� that� the�

time�series�is�stationary.

year 1,219,507 2015.147 2.535 2012 2018

month 1,219,507 6.711 3.406 1 12

# pub 1,219,507 .351 .477 0 1

# review 1,219,507 .223 .478 0 15
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We� checked� the� two� time� series,� which� describe� monthly� publication� records� and�

reviewing� records� for� scholars� case� by� case.� Finally,� based� on� the� results� of� the� test� for� all�

scholars,�we�divided�scholars�into�three�types：

● Type�1:�The�publication�records�and�reviewing�records�both�passed�the�ADF�test,�which�

suggested�that�both�time�series�are�stationary;

�����● Type� 2:� Neither� the� publication� records� nor� reviewing� records� passed� the� ADF� test,�

illustrating�that�neither�time�series�is�stationary;�

�����● Type�3:�The�publication� records�and� reviewing� records�don't�pass� the�ADF� test,�which�

indicated�that�publication�and�reviewing�time�series�are�both�non-stationary.

���Because� time�serials�pair�of� type�1�are� stationary,� the�next� step� for� this� kind�of�pair� is� to�

confirm� the� accurate� lag� time.� Concerning� types� 2� and� 3,� we� should� conduct� first-order�

differences� for� both� time� series,� and� then� we� retested� differential� time� series.� Finally,� we�

excluded�the�scholars�whose�time�serials�after�first-order�differences�still�don't�pass�the�ADF�

test.

Table 2 Stationarity�test�results.

Table� 2� shows� that� 99.01%� of� scholars� have� stationary� time� series� pairs� after� first-order�

differences.�Finally,�the�23,103�scholars'�records�will�be�utilized�in�the�following�steps.

4.2 Confirming the fittest lag time for each time series pair

Many�researchers�have�analyzed�two�time�series�and�compared� their� relations� in�different�

fields.�However,�the�time� lag� is�often�a� fixed�or�a�simple�value�(Moed,�2016).�This�paper�will�

confirm�a�more�accurate�time�lag�for�each�scholar's�time�series�pair.

���An�approach,�called�vector�autoregression,�has�been�introduced�to�confirm�the�lag�time�for�

time�series�pairs�in�Granger-causality�tests.�There�exist�amounts�of�indicators�as�the�criterion�

for� us� to� identify� the� fittest� lag� time� for� time� series,� such� as� AIC� (Akaike� Information�

Criterion)� (Aho�et� al.,� 2010),� BIC� (Bayesian� Information�Criterion)� (Bhat�&�Kumar,� 2010)� and�

LR� (likelihood� ratio)� test� (McGee,� 2002).� These� indicators� estimate� prediction� error� and�

speculate� the� relative� quality� of� statistical�models� for� a� given� set� of� data.� In� this� paper,�we�

utilized�AIC�and�BIC�as� the�criteria� to� select� the� fitness� lag� time� for�each� time�series�pair.� If�

the�values�of�AIC�and�BIC�in�one�model�are�the�minimum�compared�to�other�models�for�one�

time�series�pair,�the�lag�time�in�this�model�is�the�fittest�one�for�this�scholar.

���We�conducted�a�VAR�model�for�each�series�time�pair�that�has�remained�after�being�filtered�

before�and�set� the�maximum� lag� to�eight.�Ultimately,�we�acquired�an�accurate� lag� time� for�

each� scholar's� time-series�pair.� Figure�1� showed� the� time� lag�distribution� for� all� scholars� in�

our�dataset.

Before difference

# scholars 22238 888

% scholars 96.16% 3.84%

After difference

# scholars 23103 23

% scholars 99.01% 0.99%
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Figure 2 Distribution�of�time�lag�in�our�dataset

4.3 Cointegration tests

We�have�acquired�the�23,103�scholars'�stationary�time-series�records.�These�records�can�be�

divided�into�two�categories:�One�is�the�raw�time�series,�which�are�both�stationary,�and�anoth-

er�one� is� the� time� series� whose� raw� time� series� are� non-stationary� but� stationary� after�

first-order�difference.�As�for�the�former�series,�we�don't�need�any�extra�operation�in�this�step.�

But�it� is�possible�that�although�time-series�pairs�are�non-stationary,�there�may�remain�a�sta-

tistically� significant� connection� between� the� two� variables.� Therefore,� we� need� to� conduct�

cointegration�tests�case�by�case�for�latter�records�to�check�for�a�cointegrated�combination�of�

the�two�series.

��� There� are� three� main� methods� for� cointegration� tests:� Engle-Granger� two-step� method�

(Engle� et� al.,� 1987),� Johansen� test� (Johansen,� 1995),� and� Phillips-Ouliaris� cointegration� test�

(Phillips�&�Ouliaris,�1990).�The�Johansen� test� is�a� test� for�cointegration� that�allows� for�more�

than�one�cointegrating� relationship� for�a� large�sample� (Pesaran�et�al.,� 2001).�This�paper�will�

apply�the�Johansen�test�to�check�the�cointegrated�combination�of�two�series.

���There�are�1000�scholars'�monthly� time�series�pairs�whose� raw� records�are�non-stationary,�

yet�the�differential�records�are�stationary�that�should�be�conducted�with�cointegration�tests.�

Finally,�146�scholars�passed�the�test,�and�the�rest�are�excluded.

4.4 Granger-causality test

The�Granger�causality�test�is�a�statistical�hypothesis�test�for�determining�whether�one-time�

series� is� useful� in� forecasting�another,� first�proposed� in�1969� (Granger,� 1969).� According� to�

Granger�causality,� if�a�signal�X1�"Granger-causes"� (or�"G-causes")�a�signal�X2,� then�past�val-

ues�of�X1�should�contain� information�that�helps�predict�X2�above�and�beyond�the� informa-

tion� contained� in� past� values� of� X2� alone� (Granger,� 1969).� The�Granger-causality� test's� null�

hypothesis�is�that�X1�doesn't�Granger�cause�X2,�or�X2�doesn't�Granger�cause.�If�the�time�se-

ries�pair�passes�the�grange-causality�as�the�p-value�is�significantly� less�than�0.05,�we�will� re-

ject� the� hypothesis.� For� example,� If� the� number� of� publications� "Granger-causes"� (or�

"G-causes")� the�number�of� reviewing�articles,� the�number�of�publishing�articles�of�a� scholar�
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has�a�significant�effect�on�the�reviewing�articles.

���Based�on�the�stational�time�series�pairs,�and�the�fittest�time�lag�of�each�time�series�pair,�we�

can� conduct� the�Granger-causality� test� for� all� stationary� series�pairs� in� our� dataset.� Table� 3�

shows�the�Granger-causality�test�result�based�on�monthly�publication�and�reviewing�records�

for�scholars.� In�Table�3,�"Publication→Reviewing"�means�that�the�publication�productivity�of�

scholars�"Granger-causes"the�reviewing�activity,�while"Reviewing→Publication"�indicates�that�

reviewing�activity�may�influence�the�bibliometric�performance�of�scholars."�Publication����Re-

viewing"� suggests� that� the� number� of� reviewing� articles� and� publishing�manuscripts� affect�

each�other�bidirectionally.�As�shown� in�Table�3,�42.3%�of� scholars�have�no�significant�effect�

between�two-time�series.�32.5%�of�scholars�show�a�one-way�product�between�two-time�se-

ries,�including�3720�scholars�whose�reviewing�activity�Granger�cause�publication�productivity�

and�3518�scholars�whose�publication�activity� influences� reviewing�activity.� In� the�meantime,�

25.2%�of�scholars�show�a�bidirectional�effect�between�two-time�series�pairs.

Table 3 The�result�of�Granger-causality�test

Figure 3 The� left� upper� corner� of� the� figure� displays� the� distribution� of� academic� year� of�

scholars�in�four�groups,�and�the�right�upper�one�displays�the�distribution�of�publishing�pro-

ductivity�of� scientists� in� four�group.�The�distribution�of�academic� year�of� scholars�has�been�

displayed�on�the�lower.

Reviewing→

Publication

Publication→

Reviewing

Publication

Reviewing

No sig.

# scholars 3720 3518 5601 9422

% scholars 16.7% 15.8% 25.2% 42.3%

Academic age 5.50 5.43 4.39 5.63

# publishing articles per year 1.70 1.73 1.72 2.18

# reviewing articles per year 2.71 2.63 2.87 3.47
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Moreover,� we� conducted� One-way� ANOVA� to� demonstrate� the� difference� in� publishing�

articles,� reviewing� articles,� and� academic� age� of� scholars� among� four� groups,� including�

"Publication → Reviewing,"� "Reviewing → Publication,"� "Publication��� Reviewing,"� and� "No�

significance."� As� shown� in� Table� 4,� we� compared� the� number� of� publishing� articles� of�

scholars�among�four�groups.�We� identified�that�the�scientists� in�the�"no�significance"�group�

own�more�publishing�articles�per�year�than�in�other�groups�with�p<0.05.�We�also�compared�

the� numbers� of� reviewing� items� per� year� among� four� groups� and� found� that� scholars�

showing�no�significance�between�publishing�and�reviewing�activities�owned�more� reviewing�

articles� than�others.�Meanwhile,� scientists�who�displayed�a�bidirectional� effect�between� two�

activities� had� more� publishing� articles� than� those� who� owned� a� one-way� influence.�

Surprisingly,�the�scholars�in�"Reviewing→ Publication"�group�is�significantly�older�than�other�

groups.�

Table 4 Result�of�One-Way�ANOVA�

� In� the� meantime,� we� also� examined� the� directional� patterns� with� various� reviewing� and�

bibliometric�performance,�different�academic�age� in�Figure�3.�We�divided�all� scholars� in� the�

dataset� into�10�groups�based�on� scholars'� academic� age,� the� number�of� publishing� articles�

per�year�and�the�number�of�reviewing�manuscripts�per�year,� respectively:�0-10%,�10%-20%,�

20%-30%,�30-40%,�40%-50%,�50%-60%,�60%-70%,�70%-80%,�80%-90%�and�90%-100%.�For�

instance,� 0-10%� denoted� that� the� scholars� whose� academic� age,� number� of� reviewing� or�

publishing� productivity� ranks� among� the� top� 10% .� From� Figure� 4 (a),� It� is� obvious� that�

Mean Std. Err. t P>|t|

Publication→ Reviewing vs No significance -.450 .029 -15.38 -0.000*

Reviewing→ Publication vs Publication Reviewing -.011 .031 -0.36 0.984

Publication→ Reviewing vs Publication Reviewing

.019 .032 0.60 0.934

Publication→ Reviewing vs Reviewing→ Publication .030 .034 0.87 0.822

No significance vs Publication Reviewing

.470 .025 18.77 -0.000*

No significance vs Reviewing→ Publication .480 .029 16.74 -0.000*

Publication→ Reviewing vs No significance -.836 .041 -20.29 -0.000*

Publication→ Reviewing vs Publication Reviewing

-.243 .045 -5.41 0.000*

Reviewing→ Publication vs Publication Reviewing

-.167 .044 -3.77 0.001*

Publication→ Reviewing vs Reviewing→ Publication -.076 .049 -1.55 0.407

No significance vs Publication Reviewing

.594 .035 16.87 -0.000*

No significance vs Reviewing→ Publication .760 .040 18.82 -0.000*

Publication→ Reviewing vs No significance -.212 .052 -4.04 0.000*

Publication→ Reviewing vs Reviewing→ Publication -.075 .062 -1.20 0.627

No significance vs Reviewing→ Publication -.137 .051 2.67 0.038*

Publication→ Reviewing vs Publication Reviewing 1.033 .057 18.09 -0.000*

Reviewing→ Publication vs Publication Reviewing 1.108 .056 18.74 -0.000*

No significance vs Publication Reviewing 1.245 .045 27.80 -0.000*
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scholars�with� lower� reviewing� articles� showed�more�Granger� causality� relationship� between�

the�two�activities.�It� is�consistent�with�the�aforementioned�findings�in�One-Way�ANOVA.�For�

example,� for� the� scholars� in� group� 90% -100% ,� 68.82%� owned� the� Granger� causality�

relationship� between� publishing� and� reviewing� articles.� However,� for� scholars� whose�

numbers� of� reviewing� rank� among� 0-10% ,� 47.62%� displayed� Granger� causality� inference.�

However,� from�Figure�4(b)� and�4(c),� There�exists�no�apparent� law� in�directional�patterns�of�

scholars�with�different�publishing�performance�and�various�academic�age.�

(a)

(b)
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(c)

Figure 4 Directional�patterns�with�different�groups� (Figure� (a)�and�Figure� (b)� illustrated� the�

Granger�causality�result� for� the�scholars�with�different�numbers�of� reviewing�and�publishing�

articles,� respectively.� Figure� (c)� displayed� the� different� directional� patterns� of� scholars� with�

various�academic�age)

5 Conclusions

This� paper� applied� the� Granger-causality� test� to� uncover� the� directional� relationship� be-

tween�scholars'�publishing�and�reviewing�articles.�We�focused�on�settling� two� issues.�One� is�

to�confirm�an�accurate�time�lag�for�each�time�series,�rather�than�a�fixed�value�and�the�other�

one�is�to�uncover�directionality�effect�between�two�activities.�We�collected�reviewing�records�

and�publishing�records�from�Publons�and�PubMed,�respectively,�and�utilized�ORCID�connect-

ing�publication�records�with�reviewing�records�to�acquire�the�time�series�pairs�between�Jan-

uary� 2012� and� December� 2018� for� each� scholar.� By� conducting� the� Granger� causality� test�

step�by�step�for�each�scholar,�we�found�that�57.7%�of�scholars�show�a�significant�directional�

effect�between�publication�and�reviewing�articles.�The�scientists�who�own�fewer�reviewing�ar-

ticles� may� have� a� Granger� causality� inference� between� reviewing� and� publishing� activities�

compared�to�higher�ones.�Furthermore,�the�scholars�who�publish�lesser�articles�tend�to�have�

more�significant�causality�between�two�activities.�Surprisingly,�scientists�with�elder�academic�

age�tend�to�be�in�the�"Reviewing→ Publication"�group.

���The�peer-review�system�played�an�essential� role� in�academic�development.�Unfortunately,�

the� system�breaks�down�with� the� rapidly� increasing� submitted�manuscripts� and� the� lack�of�

acknowledgment�for�reviewers.�Therefore,�the�attempt�to�explore�the�directional�relationship�

between�peer� review�activity�of� scholars� and�publishing�activity,� can�provide�more� valuable�

suggestions� for�editors� to�select�appropriate� reviewers�and�scholars� to�decide�whether� they�

should�accept�requests�from�journal�editors.

��� Although� the� Granger-causality� test� can't� uncover� true� causality� between� two� variables,�

this�approach�can�introduce�accurate�lag�time�into�the�model�and�uncover�the�directionality�
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of� effect� between� two-time� series,� which� the� correlation� coefficient� can't� display.� In� the�

future,� we� can� certainly� focus� on� the� causality� of� two� activities� to� explore� the� intrinsic�

mechanism�of�unidirectional�or�bidirectional�effect�between�two�activities.�For�instance,�if�we�

can� find� the� characteristic� of� scholars� who� shows� the� unidirectional� effect� from� reviewing�

activity� to�publication�productivity�of�scholars,� It�may�provide� scientific�evidence� for� journal�

editors�to�allocate�more�manuscripts�logically�to�improve�the�whole�peer�review�system.�

��� There� also� exits� several� limitations� of� this� study.� Publons� is� biased� in� disciplines� and�

publishers� (Ortega,� 2019).� For� indiscipline,� Health� Sciences� and� Life� Sciences,� and� Physical�

Sciences� and� Engineering� are� underrepresented� in� this� platform.� In� publishers,� Publons�

includes� more� articles� from� open� access� platforms.� These� biases� could� be� one� of� the�

limitations�of�our�study.��
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ABSTRACT

This� paper� presents� a� scientometric� study� of� Indian� Veterinary� Journal� (IVJ)� using� Publish� or�

Perish� (PoP)�during� the�period�1977-2016� (39� years).� The� study� used�Google� Scholar� to� obtain�

raw�citations�and�analyze�various�citation�metrics�to�find�the�impact�of�Indian�Veterinary�Journal�

on� emerging� research.� The� growth� of� contributions� by� year,� authorship� trends,� author�

productivity� by� Lotka's� law,� single� and� multi-authored� papers� by� year,� and� the� most� prolific�

contributors� was� examined� in� a� total� of� thousands� of� research� papers.� Also,� the� relative� IVJ�

growth� rate� and� doubling� time� are� evaluated� for� the� period� of� the� sample.� The� data� analysis�

revealed� that� the�highest�number�of� submissions,� i.e.� 223� (22.30�percent),�was�published� in� the�

years� 1992-1996.� The� total� number� of� authors� per� paper� is� 2.97,� the� highest� number� of� the�

output� of� authors,� i.e.� 15� research� papers;� the� collaboration� degree� is� 0.91% .� For� a� more�

comprehensive� evaluation� of� the� effects� of� research� and� scholarly� production,� the� paper�

suggests�journal�and�author�productivity�collaborative�practice�using�sensibly�selected�metrics.
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1 Introduction

The�reputation�of�a�scientific� journal�dominates� investigators'�choice�of�publication�and� is�

strongly�influenced�by�the�impact�factor-a�high�impact�factor�demonstrates�that�recent�jour-

nal�publications�are�consistently�cited�in�other� journals�(Garfield,�2006).�The�Impact�Factor� is�

determined� by� applying� the� citations� for� the� previous� two� years� to� papers� in� the� journal,�

separated�by�the�number�of�items�cited�for�those�two�years�in�the�journal�(Dong�et�al.,�2005).�

Nonetheless,� different� fields� show� variable� citation� patterns� (Kear� &� Colbert-Lewis,� 2011).�

Usually,� publication� citation�metrics�provide� a�broad� range�of� accomplishments� focused�on�

scientific�and�scholarly�practices,�and�others�serve�as�a�valuable�way�to� illustrate�the�success�

of�the�researchers�and�the�importance�of�their�current�literature�(Narin,�1976).�The�impact�of�

a� published�work� (and� its� host� journal)� in� a� subsequent� publication� through� acknowledge-

ment�is�monitored�in�the�form�of�a�citation.

1.1 About Indian Veterinary Journal

The� Indian� Veterinary� Journal� (https://ivj.org.in/en/webhome.aspx)� is� an� official� organ� of�

the�Indian�Veterinary�Association.�It� is�the�only�publication�in� India�representing�the�workers�

of�academic�veterinary�science,�growth�and�extension.�The� journal�has�been�published�since�

1924,�initially�as�a�bimonthly�publication�and�later�as�a�regular�monthly�publication�of�the�In-
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dian� Veterinary� Association.� The� Indian� Veterinary� Journal's� office� has� kept� volumes� of� the�

Indian�Veterinary�Journal�(IVJ)�right�from�its�inception�in�1924.�At�this�moment,�a�mapping�of�

IVJ's� contributions� to� academic� science� over� three� decades� seems� opportune.� Bibliometric�

metrics�are�widely�used� to�calculate� study�efficiency� since� they� include�views�of� a� field� that�

might�not�be�apparent�otherwise.�The�current�study�aimed�to�explore�data�on�the�output�of�

publications� to�establish�a�picture�of� IVJ's� research�efficiency� that� could�be�useful� to�veteri-

nary�professionals�and�researchers.�Figure�1�specifies�the�aims�of�the�Indian�Veterinary�Jour-

nal.

Figure 1 Objectives�of�the�Indian�Veterinary�Journal

The� Indian�Veterinary� Journal� is�dedicated� to� the� cause�of� veterinary� science�and� the�ad-

vancement�of�the�veterinary�profession,�with�international�status.�The�journal�publishes�origi-

nal�work� as� an�official� organ�of� the� Indian�Veterinary�Association� in� the� fields� of� veterinary�

medicine,� surgery,� reproduction,� husbandry,� fisheries� and� other� related� subjects,� useful� to�

professionals� in�the�veterinary,�dairy,� livestock�and�poultry�sectors.�Of�special� interest� to�the�

journal� are� both� large� and� small� animal� general� veterinarians,� researchers,� field� inspectors,�

cattle,�poultry�and�dairy�production�officers,�marketing�officers�and�all�animal�health�profes-

sionals.�As�a�pioneer�in�veterinary�journalism�in�the�East,�Balaraman�(2018)�has�a�much-unri-

valled�reputation�as�an�authentic�source�of�knowledge�on�all�tropical�diseases.�This�is�a�glob-

ally�recognized�arbitration�publication.�(http://www.connectjournals.com/ivj).�This�is�real.�This�

journal� ranked�by�the�National�Academy�of�Agricultural�Sciences� (NAAS)�with�a�mark�of�6.0�

on�a�scale�of�1�to�10.

2 Overview of bibliometric research

Unsurprisingly,� for� a� research� method� rooted� in� information� science,� many� bibliometric�

studies� have� examined� aspects� of� information� science� research� and� authors� in� information�

science.�Voos� (1974),� for�example,� researched�authors'� effectiveness� in� the� field�of� informa-

tion�science.�Two�recent�books�guide�librarians�on�bibliometrics�and�altmetrics,�and�the�con-

tested� area� of� research� evaluation� using�metrics� linked� to� publications� tested� a� version� of�

Lotka's�law�for�writers�writing�in�the�field�of�knowledge�science�between�1996�and�2007�(So-

brino�et�al.,�2009).�Roemer�and�Borchardt�(2015)�present�a�guide�for�librarians�on�bibliomet-

rics,�altmetrics�and�research�impact,�Cronin�and�Sugimoto�(2015)�discussed�multidimensional�

indicators� of� scholarly� impact.�Agarwal� et� al.� (2016)� offered� a� broad� overview� of� the� broad�

range� of� metrics� commonly� used� in� science� and� academia,� and� Dhiman� (2015)� discussed�

some�of� the�newer�metrics� such� as� h-index,� g-index,� and� I-index.�Michael� et� al.� (2010)� dis-

cussed�the�benefits�and�drawbacks�of�the�h-index.
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There� has� been� considerable� interest� in� the� applicability� of� Lotka's� law� to� assess� the� au-

thor's�efficiency�in�a�sector.�Gupta�(1987)�researched�and�analyzed�writers'�productivity�mod-

els� and� checked� the� applicability� of� Lotka's� law� to� four� separate� groups� of� data.� Vlachy�

(1978)� provided� a� bibliography� of� Lotka's� and� related� work.� Ahmed� and� Rahman� (2009)�

checked�the�validity�of�the�Lotka's�law�on�the�distribution�of�authorship�in�the�field�of�nutri-

tion�study�in�Bangladesh.�A�list�of�periodic�articles�were�published�during�1972-2006�on�vari-

ous�aspects�of�Bangladesh's�nutrition�research�compiled�for�review.�Using� 'absolute�produc-

tivity'� of� authorship,� 998� personal� author� names�were� defined.�Using� both� generalized� and�

modified� fonns-test� and�Kolmogorov-Smirnov�goodness-of-fit� tests,� Lotka's� law�was� tested.�

The�findings�suggested�that�in�the�generalized�inverse�square�Lotka's�law,�the�distribution�of�

author�productivity�predicted�did�not�apply�to�nutrition�research� in�Bangladesh.�Lotka's� law,�

excluding�highly�efficient�authors�and�maximum� likelihood�methods,�was� found� to�apply� to�

Bangladesh's�nutrition�study�using�least-squares.�Narendra� (2016)�discussed�the�applicability�

of�Lotka's�law�in�the�Science�and�Industrial�Council�as�a�general�inverse�force�for�the�distribu-

tion� of� research� productivity.�Wildgaard� et� al.� (2014)� explored� the� characteristics,� including�

effect�indicators�over�time,�of�108�bibliometric�indicators�at�the�level�of�the�author.

��� The� subject� of� research� into� bibliometrics� is� very� varied.� For� example,�Majhi� et� al.� (2016)�

aimed�to�analyze� the�content�of�wiki� articles�published� in� the� journals�of� the�Science�Direct�

database.� The� identified� research�methods� used,� the� type� of� data� analysis� techniques� used�

for�wiki�articles,�the�most�common�country�contributes�to�the�largest�number�of�articles,�the�

largest�contributing�author,� the�annual�publication�and�the�history�of� the�authors.�Much�re-

search�examines�changes�in�the�patterns�of�research�and�publication.�Kumar�(2016)�analyzed�

380�peer-reviewed� articles� published� in� IETE� Technical� Review-journal� during� 2007� to� 2014,�

examining�the�growth�pattern�of�research�output,�authorship�patterns/co-authorship� index/,�

collaboration� coefficient,� the�geographical�distribution�of� output� and� the� average� length�of�

articles.�Jesubright�et�al.�(2014)�studied�the�growth�of�forensic�science�literature�from�1975�to�

2011,�the�productivity�of�authors,�the�top-ranking�source�journal,�and�the�productivity�of�the�

country.

���Wan�et�al.�(2009)�reviewed�bibliometric�studies�on�single�journals,�noting�that�28%�of�stud-

ies� examined� Indian� journals.� The� study�of� Indian� Economic�Analysis� (Nandi�&� Bandyopad-

hyay,� 2008)� generally� examined� the� pattern� of� authorship,� the� degree� of� collaboration� be-

tween� authors,� and� the� distribution� of� authors� geographically.� Swain� (2014)� completed� a�

10-year�bibliometric�overview�of� the� International� Information�and� Library�Review.� In� a�bib-

liometric�analysis�of�the�104�African�medical�and�health�journals�hosted�in�the�African�Journal�

Online�database,�Ezema�and�Onyancha�(2016)�used�Harzing's�Publish�or�Perish�app.

3 Objectives

The�primary�objective�of�this�review�was�to�understand�the�development�of�the�Indian�Vet-

erinary�Journal�during�the�period�from�1977�to�2016�and�the�research�output�of�contributors�

worldwide.�The�concrete�goals�were:

�� �Analyze�the�impact�of�IVJ�on�publication�productivity�through�citation�metrics.

� �Study�the�distribution�of�articles�and�authorship�patterns�by�year.

� �Identify�author�collaboration,�single�and�multi-authored�papers�by�year.

� �Find�the�Relative�Growth�Rate�(RGR)�and�double�the�duration�of�the�papers�for�study.

� �Determine�the�application�of�the�research�productivity�of�Lotka's�law�of�Author�in�IVJ.

K.KUMAR
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4 Research Methodology

The�research�data�was�gathered�from�an�online�edition�of�the�Indian�Veterinary�Journal�ac-

cessible� from� 1977� to� 2016� using� Publish� or� Perish� (PoP)� (www.harzing.com).� PoP� is� a�Mi-

crosoft� Windows� program� that,� with� the� support� of� an� appropriate� emulator� such� as�

cross-over�Mac�or�Wine,�can�also�be�installed�and�compatible�on�OSX�and�GNU/Linux�com-

puters;�PoP�retrieves�and�analyses�scholarly�citations.�To�evaluate�different�metrics,�this�anal-

ysis�used�Google�Scholar� to�obtain� raw�citations.�An� important�and� realistic�explanation� for�

this� is�that�Google�Scholar� is�widely�accessible�and�well�known�for� its�speed�to�anyone�with�

an� Internet�connection�(Notess,�2005).� In�contrast� to�other�databases,�Google�Scholar�offers�

a�full� image�of�academic�effect�(Pauly�&�Stergiou,�2005).�A�broad�variety�of�publications�are�

covered�by� the� Indian�Veterinary� Journal,� including�academic�articles,� brief� correspondence,�

reviews,�and�case�studies.�Based�on�citation�metrics,�necessary�data�were�collected�to�evalu-

ate�the�impact�of�the�Indian�Veterinary�Journal�and�analyze�bibliometric�components�such�as�

article�contributions�by�year,�number�of�writers,�authorship�pattern,�and�authors�productivity�

through� Lotka's� law� to�meet� the� objectives� of� the� present� study.� As� a� final� point,� the� data�

was�organized,�weighed,� tabulated,� assessed� and�presented� as� tables� and� graphs� for� inter-

pretation�and�discussion.

���The�current�standards�for�evaluating�journal�quality�need�to�be�understood�by�every�read-

er.�The�evaluation�of�a�particular� journal's�academic�value�helps� to�determine� its�merits�and�

relevance� to� academic� research� and� distinguishes� it� among� other� journals.� The� higher� the�

impact�metrics,�the�more�highly�ranked�the� journal� is,�but�opinions�differ�as�to�what�consti-

tutes�a�"good"�impact�factor�(Majhi�et�al.,�2016).�However,�opinions�differ.�Although�there� is�

no� 'correct'� answer� to� this� issue,� in� terms� of� various� simple� statistics� (number� of� articles,�

number�of�citations�and�number�of�authors)�and�various�other�citation�metrics�of�the�Indian�

Veterinary�Journal,�there�is�a�certain�background�in�Table�1.

Table 1 Impact�of�Indian�Veterinary�Journal�through�citation�metrics

1 Papers 1000

2 Citations 4863

3 Years 39

4 Cites/Year 124.69

5 Cites/Paper 4.86

6 Cites/Author 1885.11

7 Papers/Author 388.63

8 Authors/Paper 2.97

9 h index 17

10 g index 21

11 hc index 6

12 hI index 5.25

13 hI norm 9

14 AWCR 296.31

15 AW index 17.21

16 AWCRpA 111.89

17 e index 10.68

18 hm index 13.77

19 Cites Author Year 48.33

20 hIannual 0.23

21 h coverage 8

22 g coverage 10
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The�benefit�of�using�Publish�or�Perish�with�Google�Scholar�is�that�it�offers�a�much�more�ac-

curate�image�of�the�impact�of�a�journal�than�what�would�be�possible�with�ISI�impact�factors�/�

Thomson� Journal� Citation� Reports.�While� the� total� number� of� publications� (1000)� provides�

useful� information� on� productivity,� which� is� strongly� influenced� by� the� number� of� years� in�

which�the�journal�has�been�producing�research�(39),�the�impact�of�their�work,�which�is�a�limi-

tation�of�the�study�to�date,�is�not�described.�To�assess�the�impact�of�a�journal,�different�cita-

tion�metrics� are� considered.�Hirsch's�h-index�attempts� to�provide� a� rigorous� single-number�

measure�of�an�academic's�impact,�balancing�quality�with�quantity�(Hirsch,�2005).�To�calculate�

the�performance�of�papers,�Braun�et�al.�(2006)�suggest�using�the�h�index�as�an�alternative�to�

the�impact�factor�given�by�Thomson�Reuters�(2019).�The�h-Index�from�IVJ�is�17.�The�example�

worked�on�accounting�journals� in�the�Publish�or�Perish�book�(Harzing,�2013)�has�an�h-index�

of� 17� for� the� Accounting�Horizons� journal,� with� citations/paper� of� 8.45� (compared� to� IVJ's�

4.86).� The�h-index�may�not,� however,�be� a� reliable� indicator� of� recent� results� (Bornmann�&�

Daniel,� 2007).� Egghe's� g-index� aims� at� boosting� the� h-index� by� giving�more�weight� to� fre-

quently�cited�papers�(Egghe,�2006;�Sidiropoulos�el�at.,�2007).�The�G-Index�of� the� Indian�Vet-

erinary� Journal� is�21.� In� contrast,� in� accounting� journals,� the� very�high-impact� (and� interna-

tional)�ranges�are�15-20�citations�per�article,�h-indexes�(28-43)�and�g-indexes�(45-74).�For�ev-

ery�article,�per�author�count� (388.63)� is�determined�to�give� the�normalized�author�count� for�

the�paper.�The�sum�of�the�author�counts,�separated�by�the�total�number�of�articles,�across�all�

papers�was�2.97.� The�AWCR� (296.31)� calculates� the� total� number�of� citations� for� the�whole�

body� of� work,� modified� for� the� process� of� each� paper� (Jin,� 2006).� The� individual� h-index�

(5.25)�and�hI�norm�(9)�as�adjusted�by�Publish�or�Perish�normalize�the�number�of�citations�for�

each�paper�by�dividing�the�number�of�citations�by�the�number�of�authors�for�that�paper�and�

measuring� the� h-index� of� the� uniform� quotation� count.� Instead� of� minimizing� citation�

counts,� the� multi-authored� h-index� (hm)� uses� fractional� paper� counts� to� account� for� the�

shared�authorship�of�papers�and�then�calculates�the�multi-authored�hm�index�(13.77)�based�

on�the�corresponding�active�rank�of�papers�using�undiluted�citation�counts�(Schreiber,�2008).�

These� seem�to�be�more� valid�metrics�where� journal� impact� variables� are� immediately� avail-

able�and�provide�a�simple�way� to� test� individual� scientists�or� research�groups.�To�obtain�an�

objective� and� quantitative�measure� of� the� scientific� achievement� of� the� author,� the� journal�

impact�factors�of�an�author's�publications�can�simply�be�applied,�assuming�that�the�journal�is�

representative�of� its�papers.�Nevertheless,� journal�citation�metrics�are�not� statistically� repre-

sentative� of� individual� journal� publications� and� are� poorly� related� to� actual� individual� cita-

tions�of�articles�(Seglen,�1997).�Looking�at�the�statistics�provided�in�Table�1�and�also�as�stat-

ed�by�Starbuck�(2005),� it� is�possible�to�conclude� the� impact�of�a� journal�on� the�productivity�

of�publishing,�but�the�confidence�limits�for�such�estimates�are�broad,�particularly�as�the�Jour-

nal�Impact�Factor�changes�every�year.

5 Data Analysis and Interpretation

In�this�research,�data�were�obtained�from�the�Google�Scholar�online�search�engine�on�the�

bibliometrics� records� of� the� Indian� Veterinary� Journal� for� the� period� 1977-2016.� A� total� of�

1000�papers�were�gathered� that�produced� the� source�data� for� the� report.�One�of� the�most�

important�metrics� for� determining� the� annual� grade� of� publication� growth� and� identifying�

the�most� efficient� year� of� publication� is� year-by-year� improvements� in�many�published�pa-

pers.� Through� Figure� 2� it� could� be� understood� that� the�maximum� number� of� articles� were�

published� during� the� years� 1992-1996� (22.30% )� and� 19.20%� articles� during� the� years�

2002-2006�and�research�publication�was�smaller�during�1977-1986.
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Figure 2 The�growth�rate�of�articles�from�1977�to�2016

5.1 Relative Growth Rate (RGR)

Employed� to� detect� a� rise� in� the� number� of� articles/pages� per� time� unit.� From� the�

following�equation,�the�mean�Relative�Growth�Rate�over�a�given�period�of�the�interval�can�be�

estimated�(Hunt�&�Cornelissen,�1997).

Relative�Growth�Rate�(RGR)=

logx

e

w

2

-logx

e

w

1

T

2
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1

RGR�=�Average�relative�growth�rate�over�the�stated�duration.

Logx
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�=The�initial�number�of�papers�is�logged.

Logx
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�W

2

�=�Log�of�the�final�number�of�articles�a�specific�period�of�interval.

T

2

�–T

1

=��The�difference�in�units�between�the�original�time�and�the�final�time.

The�year�is�taken�as�a�unit�of�time�for�the�RGR�calculation�in�this�study.

5.2 Doubling Time (DT)

The�Doubling�Time� (DT)�parameter� is� specifically�correlated� to�RGR�and�signifies� the� time�

required� to� double� the� current� volume� for� publications.� Double� Time� is� the� exponential�

growth�equation�unit.�The�Doubling�Time�is�computed�as�follows:�Doubling�Time�=�{(t2�-�t1)*�

ln�2}� /� (ln�c2�-� ln� c1).�Again,� in� the�per�year�growth�case,� the�expression� for�Doubling�Time�

can�be�written�as:�Doubling�Time�=�ln�2/RGR

Table 2 Relative�Growth�Rate�and�Doubling�Time�of�Indian�Veterinary�Journal

1981 13 13 2.5649 2.5649 0 0

1986 31 44 3.4340 3.7842 0.07004

0.0608

9.894277449

-130.23261991 124 168 4.8203 5.1240 0.060736 11.40994619

1996 223 391 5.4072 5.9687 0.112307 6.170577318

2001 190 581 5.2470 6.3648 0.223545 3.100042298

2006 192 773 5.2575 6.6503 0.278557 2.487823528

2011 146 919 4.9836 6.8233 0.367936 0.2172 1.883480247

2016 81 1000 4.3944 6.9078 -0.00125 555.8765749

-137.1013
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The�data� relating� to� the�growing�output�of� IVJ�are�presented� in� Table�2.� To� calculate� the�

mean�RGR�and�mean�DT,�the�study�period�(1981-2016)�is�divided�into�two�block�periods,�i.e.�

1981-1996� and� 2001-2016.� The� quantum� output� of� IVJ� has� increased� from� 13� in� the� year�

1981� to�81� in� the�year�2016,�however,� research�publication� is� found� to�be�maximum� in� the�

year�1996.�It�is�therefore�noted�that�the�average�RGR�has�increased�in�the�second�block�from�

0.0608�in�the�first�block�to�0.217.�Mean�DT,�on�the�other�hand,�has�decreased�to�-137.1013�in�

the� second�block� from� -130.2326� in� the� first� block.�Also,� RGR�has� decreased� from� 0.070� in�

the�year�1986� to�-0.001� in� the�year�2016;�correspondingly�DT�has�gradually�decreased� from�

9.8�to�-555.8�in�the�same�period.�

Table 3 Authorship�Pattern

��� Authorship� patterns� in� Indian� Veterinary� Journal� publications� are� shown� in� Table� 3.� It� is�

known� that� 2531� authors,� either� single� or� multi-authored,� published� 1000� articles.� It� is�

evident� from� the� table� that� 44.9%� of� publications� contained� double-authored� articles,� with�

130�double�authored�articles�published�during�1992-1996.�Multi-authored�papers�(5�authors)�

showed� a� declining� trend� (0.9% )� during� the� study� period.� Further,� single-authored� articles�

accounted�for�8.6%�of�the�total.�Far�fewer�papers�were�published�during�more�recent�periods�

(2007-2011)�(2012-2016)�than�in�the�1990s.�

5.3 Authors' Collaboration

Table 4 Degree�of�Collaboration�during�the�study�period

1 1977-1981 2 10 1 0 0 13 1.3

2 1982-1986 3 24 4 0 0 31 3.1

3 1987-1991 29 112 28 1 0 170 17

4 1992-1996 20 130 52 17 1 220 22

5 1997-2001 11 68 68 28 1 176 17.6

6 2002-2006 9 49 83 35 4 180 18

7 2007-2011 6 34 65 38 3 146 14.6

8 2012-2016 6 22 21 15 0 64 6.4

Total 86 449 322 134 9 1000 100

1 1977-1981 2 11 13 0.85

2 1982-1986 3 28 31 0.90

3 1987-1991 29 141 170 0.83

4 1992-1996 20 200 220 0.91

5 1997-2001 11 165 176 0.94

6 2002-2006 9 171 180 0.95

7 2007-2011 6 140 146 0.96

8 2012-2016 6 58 64 0.91

Total 86 914 1000 0.91
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In�this�study,�where�Degree�of�Collaboration��C=

Nm

Nm+Ns

C=�914/914+86�=�0.91%

��� The� degree� of� cooperation� C� is� therefore� 0.91� percent.� Statistics� on� the� degree� of�

collaboration�between�single-authored�research�and�multi-authored�research�are�provided�in�

Table�4�during�the�study�period.�On�a�total�of�1000�research�articles,�86�were�contributed�by�

the�single�authors�whereas�914�contributed�by�multi�authors.��This� is�high�although�a�study�

on�chemical�sciences�(Goyal�et�al.,�2013)�found�a�degree�of�collaboration�of�0.97.�"Is�there�a�

significantly� higher� probability� for� highly� productive� researchers� to� produce� top-cited�

papers?�Or,� a� sea�of� irrelevant�papers� is�mainly�produced�by� highly� productive� researchers.�

The� response� to� these� questions� is� important� because� it� can� help� answer� the� question� of�

whether� or� not� there� are� perverse� effects� of� increased� competition� and� increased� use� of�

research� evaluation� and� accountability� focus�metrics� (Sandstrom�&�Besselaar,� 2016).� Highly�

active� and� cited� researchers� seem� to� have� fresh� prospects.� Perceptibly,� such� researchers�

should�be�considered� for�different� reasons,� including�policymaking�and�scholarly�awareness�

of�the�related�discipline�(Klavans�&�Boyack,�2016).�The�decisive�difference�in�this�perspective,�

instead�of�counting�publications�and�citations,� is�whether�or�not�a�researcher�contributes�to�

the� limited� number� of� very� high-cited� papers� (Glanzel� &� Schubert,� 1998).� Table� 5� shows�

statistics�on� the�number�of� citations�per� article.� It� could�be� noticed� from� the� table,� around�

1215�citations�were�received�for�publications�during�1992-1996�and�22.31%�citations�during�

the� year� 1997-2001.�However,� as�noted�by� Ioannidis� et� al.� (2014),� less� than�1�percent�of� all�

researchers�who�published�anything� (indexed� in�Scopus)�between�1996�and�2011�published�

in� each�of� these�16� years,� and� that� this� limited� set� of� core� scientists� is� far�more� cited� than�

others.�What�is�noticeable�is�the�decline�in�some�citations�for�more�recent�periods�-�this�may�

be�due�to�a�time�lag�between�publication�and�citation�but�there�are�fewer�papers�published�

in�more�recent�years,�and�that�is�likely�to�have�an�impact�on�the�number�of�citations.

Table 5 Citation�per�Article

In� 1926,� his� pioneering� article� The Frequency Distribution of Scientific Productivity was�

published� by� Alfred� J.� Lotka� (1926),� in� which� he� described� a� predictable� pattern� for� the�

relative� contributions�of� a� body�of� authors� to� a� body�of� literature.�Out� of� the� 2531�unique�

authors,�Table�6�provides�a�list�of�the�most�productive�authors.

1 1977-1981 13 78 1.60

2 1982-1986 31 134 2.76

3 1987-1991 170 1009 20.75

4 1992-1996 220 1215 24.98

5 1997-2001 176 1085 22.31

6 2002-2006 180 836 17.19

7 2007-2011 146 489 10.06

8 2012-2016 64 17 0.35

Total 1000 4863 100.00

..

..
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Table 6 Core�Authors�Frequency

A.�Kumar�is�the�most�productive�of�all,�with�15�articles�to�his�name,� followed�by�S.�Kumar�

holding�the�second�rank�with�11�articles.� It� is� interesting�to�note�an�article�entitled�"Efficacy�

of�some� indigenous�drugs� in� tissue-repair� in�buffalos� (1993)�authored�by�Kumar� (1993)�and�

two�others�had�received�54�cites,�and�he�had�published�research�articles�with�45�co-authors�

on� various� topics.� Subsequently,� S.� Kumar� and� Khan� et� al.� (2008)� had� contributed� a� lot� of�

research� work� in� this� journal,� coauthoring� with� 34� scholars� and� with� 42� citations.� Their�

research� on� "Prevalence� of� Phthirapteran� ectoparasite� on� poultry� (2008)"� had� received� 10�

citations.� As� reported� by� Ian� Rowlands� (2005),� repeat-publishing� authors� are� of� explicit�

interest� to�publishers�because� they�can�be�expected� to� submit�manuscripts� in� the� future�as�

current�and�perceptibly�please�patrons,� thereby�guaranteeing�an�editor's�access� to�a� robust�

flow�of� research� findings.�Besides,� these� researchers� transmit�unintended�advantages� to� the�

publisher� of� the� journal,� such� as� a� position� of� advocacy� within� the� academic� environment,�

motivating� their� research� students� and� colleagues� to� consider� publishing� with� that� journal�

and� to� subscribe� and� send� to� IVJ.� A� peer-reviewed� study� paper� acts� as� a� forum� for�

disseminating� the� findings� of� a� scientific� inquiry,� providing� an� opportunity� to� publicly�

uncover� the�work� and� support� the� available� information� for� other� researchers� (Pendlebury,�

2009).�Other�researchers�may�further�validate,�refute,�or�change�the�hypotheses�in�improving�

their� research� or� clinical� practice� by� consuming� the� findings� of� the� analysis� (Steele� et� al.,�

2006).�As�Christopher� et� al.� (2014),� noted,�however,� that�publication�data� is�merely� a� single�

chapter� in� an� author's� academic� and� research� history.� Publication� data� alone� does� not�

provide� a� full� narrative� of� an� author's� effect� or� effects,� nor� is� it� necessarily� reflective� of�

meaningful�empirical�results�that�may�have�resulted�from�an�author's�investigation.

Lotka's law = Productivity�of�Scientific�Research

Lotka's�Law�=�n�=

N∑XY-∑X∑Y

N∑X

2

-(∑X)2

N�=�Number�of�Pairs�of�Authors

X�=�Logarithm�of�article�X

Y�=�Logarithm�of�Authors�Y

More�simply,�the�law�can�be�expressed�as�Y=C/X

n

,�where�X�is�the�number�of�publications,�Y�

is� the� relative� frequency� of� authors� with� X� publications,� and� n� and� C� are� constants,�

depending�on�the�field,�with�n�usually�around�2.�So�for�C=100,�X=2,�Y=100/2

2

�(=25),�and�for�

X=3,�Y=100/3

2

�(11.1)�(see�Table�7).�

No.of�

Pairs

No.of�

Articles

No.of�

Authors�

Observed�

(Y)

Log�

Value�

Articles

�(X)

Log�Value�of�Authors�(Y)

X

Y

X

2

1 A Kumar 15 122 1

2 S Kumar 11 42 2

3 M Singh 9 30 3

4 A Singh 8 53 4

5 KK Baruah 7 32 5
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Table 7 Author�productivity�of�Indian�Veterinary�Journal�established�on�Lotka's�law

5.4 Applicability in the Indian Veterinary Journal of the data collection of

Lotka's law of author productivity

Table�7�describes�the�productivity�of�the�authors�produced�during�the�study�period�by�the�

PoP�software�application.�Lotka's�law�is�often�referred�to�as�the�inverse�square�law,�meaning�

that�there� is�an�inverse�relationship�between�the�number�of�publications�and�the�number�of�

writers� writing� these� publications� (Araújo,� 2014).� The� proportion� of� writers� at� different�

productivity� levels� is� estimated� by� Lotka's� law.� Newby� et� al.� (2003)� presented� empirical�

findings� suggesting� that� the� Lotka's� law� was� not� intended� to� predict� a� particular� author's�

performance.� Instead,� its� prediction� lies� in� the� cumulative� and� collective� actions� of� a� great�

number� of� authors.� The� versatility� of� Lotka's� law� has� been� essential� in� bibliometric� studies�

since�its�introduction�by�Lotka�(1926),�and�expanded�over�the�years�(Leydesdorff�et�al.,�2013);�

Lotka� estimated� that� the� number� of� authors�making� x� contributions� is� about� 1/x� of� those�

making�one�and� that� the�proportion�of� all� those�making� a� single� contribution� is� 60%.� This�

means� that� 60%�of� all�writers� in� a�given� field�will� each�have�only� one�publication,� 15%�will�

each�have�two�publications� (1/22�times�60),�7%�of�authors�will�each�have� three�publications�

(1/32� times� 60)� and�only� about� 6%�of� authors�will� each� produce� up� to� 10� contributions� in�

any� field's� literature.� According� to� this� data� collection,� out� of� 1000� papers� contributed,� a�

total�of�2531�authors�were�interested.�Where�1392�contributors�have�one�article�each�(54.99�

percent),� 520� authors� have� contributed� two� articles� (20.54� percent),� 276� authors� (10.90�

percent)�have�three�articles�sponsored�and�124�authors�have�four�articles�(4.89�percent)�each�

and� to� credit,� it� demonstrates� that� all� these� values� disprove� Lotka's� law� at� every� stage.�

Furthermore,� it� is�found�that,�as�per�the�Lotka's� law,�the�values�observed�do�not�correspond�

to� the� predicted� values.� Therefore,� the� findings� of� the� analysis� do� not� follow� the� Indian�

Veterinary�Journal's�Lotka's�law�of�Author�Productivity.�In�Figure�3,�a�graphical�plot�of�Lotka's�

law�on�author�productivity�is�presented.

1 1392 100.00 100.00 1392.00 0.00

2 520 37.36 25.00 348.00 85.01

3 276 19.83 11.11 154.67 95.18

4 124 8.91 6.25 87.00 15.74

5 90 6.47 4.00 55.68 21.15

6 54 3.88 2.78 38.67 6.08

7 21 1.51 2.04 28.41 1.93

8 8 0.57 1.56 21.75 8.69

9 9 0.65 1.23 17.19 3.90

11 22 1.58 0.83 11.50 9.58

15 15 1.08 0.44 6.19 12.56

Total 2531
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Figure 3 Graphical�plot�of�the�Lotka's�law

6 Discussion

As�indicated�by�Wan�et�al.�(2009)�bibliometric�studies�on�the�single�journal:�

� depicts�the�picture�of�the�journal,

� Provides�an�interpretation�that�is�above�the�trivial,

� Indicate� the� consistency,� maturity� and� productivity� of� the� journal� irrespective� of�

field/country/area,

� Offer�details�on�studies�that�it�supports

��� The� IVJ� is� almost� always� considered� significant� in� the� veterinary� community,� valuable�

enough�to�be�studied,� to�make�decisions� that� the� journal� talks� to�authors�who�write� in� this�

field� and� represents� the� research� activity� in� the� field.� During� 2006,� bibliometric� studies�

showed� that� the� IVJ� was� particularly� concerned�with� animal� health� disciplinary� articles� and�

major� junk� of� articles� were� from� South� India� educational� institutions.� The� report� indicated�

that�better�communication�between�the� researchers�and� the�editorial�offices�of� the� journals�

in�Chennai�may�be�the�explanation�for�this,�and�added�70%�publications�were�from�India�and�

28%� were� from� other� countries� including� Turkey,� Iran,� Malaysia,� Korea� and� Poland�

(Vishwakarma,� 2013).� However,� the� present� study� showed� a� decline� in� publication� output�

from� 2007� (14.6)� to� 2016� (8.1).� As� noted� by� Rathinasabapathy� et� al.� (2014),� the� NAAS�

(National�Academy�of�Agricultural�Sciences)�rating�of�IVJ�has�come�down�from�6.00�(2011)�to�

4.33�(2015)�and�maintains�the�same�position�during�the�study�period�which�is�considered�to�

be� steep� fall� as� it� is� one� of� the� reputed� journals.� Nebelong-Bonnevie� and� Frandsen� (2006)�

clarified� that� a� big�picture�of� that� journal�was�given�by� single� journal� studies.� To� show� the�

features,�quality�and�status�of�the�journal,�the�evaluation�method�used�is�mostly�bibliometric�

indicators.�Mahendra�Kumar� (2014)� conducted� a� similar� bibliometric� analysis� for� the�period�

2011� to�2014� in� the� journal� entitled� "Library�Herald."� The� research� included� several� articles,�

the� pattern� of� authorship,� the� distribution� by� topic� of� articles,� the� average� number� of�

references�per�article,�the�types�of�cited�papers,�the�year-round�distribution�of�cited�journals,�

etc.� The� author� pointed� out� that� single� journal� studies� represent� the� journal's� merits� and�
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limitations� that� would� be� useful� for� its� further� growth.� In� this� analysis� the� decline� in� the�

number�of�papers�published�per�year�could�be�affecting�the�number�of�citations,�and�hence�

the�wider� impact� of� the� journal.� Authors� have� to� pay� (indirectly)� to� publish� in� the� journal.�

Correspondingly�Abdi� et� al.� (2018)�made�a�bibliometric� analysis�of� the� journal� "Information�

Processing�&�Management�(IP�&�M)"�for�the�period�from�1980�to�2015.�Seglen�(1997)�notes�

that� journal� impact�factors�are�contingent�on�their�search�field�and�high�impact� factors�may�

be� associated� with� journals� covering� a� wide� range� of� basic� research� with� intensifying� but�

unstable� literature� that�uses�many� references�per� article� and� cites� recent� literature.� Besides,�

the� journal� impact� factor� is� regulated�by�article�citation�rates,�not�vice�versa.� Journal� impact�

factors� do� not� reflect� individual� journal� articles� statistically� and� are� poorly� associated� with�

actual�citations�of�individual�articles.

���The�followings�are�several�useful�facts�discovered�from�the�analysis�of�the�journal�IVJ.

The� analysis� displays� a� trend� of� growth� in� contributions� published� from� 1992� to� 1996�

and�of�an�average�number�of�contributions�per�year�is�125.

The� Number� of� documents� cited� per� year� is� 124.69� with� 4.86� citations� per� paper.� It�

shows� that� during� the� study� period� from� 1977� to� 2016� dual� authorship� is� the� most�

frequent�authorship�arrangement.

The�mean�number�of�authors�per�article�was�2.97.

The� authorship�pattern� study� aimed� to� identify� the� percentage� of� single,� and�multiple�

authorships.� The� results� showed� that� the� number� of� multi-authored� articles� increased�

rapidly�and�the�degree�of�collaboration�was�found�to�be�0.91

The� findings� of� year-wise� distribution� of� citations� showed� that� a� good� number� of�

citations� was� in� 1992� to� 1996� (1215� citations)� followed� by� 1997� to� 2001� with� 1085�

citations,�and�1987�to�1991�with�1009�citations�respectively.

A.Kumar� was� found� to� be� the� most� productive� author� with� 15� publications� and� 122�

citations�followed�by�Kumar�(11�publications�and�42�citations).

��� Generally,� Lotka's� law� determines� the� frequency� of� publications� by� writers� in� a� given�

topic/discipline.� In� this� paper,� an� attempt� was� made� to� analyze� the� applicability� of� the�

Lotka's�law�to�journal�publications�instead�of�a�subject�or�discipline.�The�findings�acquired�in�

this�research�do�not�comply�with�Lotka's�law�of�author�productivity�as�such.�It�may�be�due�to�

long� periods� of� research� involvement,� and�maybe� a� changed� Lotka's� law� may� be� a� better�

match,�as�found�in�the�nutrition�report�in�Bangladesh�(Ahmed�&�Rahman�2009).

7 Conclusion

This� study�may� trigger�more� such� research� to�evaluate� an�academic� research� journal� and�

author�productivity�of� those�who�published� their�work� in� this�or�another� journal.� Future� re-

search�could�be�directed�toward�examining�the�patterns�of�collaborative�authorship.�For�the�

journal� itself,� an� understanding� of� the� minimum� number� of� high-quality� papers� required�

each�year�to�ensure�a�reasonable�impact�factor�would�be�desirable,�and�ways�of�encouraging�

authors�to�publish�in�the�journal�should�be�explored.
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ABSTRACT

Citation�Context�Analysis�(CCA)�is�a�typical�data-driven�research�field�based�on�full-text�informa-

tion,� which� breaks� the� limitations� of� traditional� citation� analysis� using� only� bibliographic� data,�

and� benefits� further� studies� on� various� citation� behaviors� and� other� core� issues� behind� them,�

such�as�citation�motivation,�citation�function�and�citation�sentiment.�Corpus�for�CCA�is�the�most�

important� guarantee� and� support� for� these� issues.� This� paper� attempts� to� discuss� the� corpus�

construction�and�mining� for�CCA� in�order� to� comprehensively� review� the� research� significance,�

research�status�and�existing�deficiencies� in�this�area.�Two�main�sections�in�our�paper�are:1)�cor-

pus� construction� for� CCA,� its� three� building� tasks,� such� as� citation� sentence� extraction,� cita-

tion-reference�mapping�and�citation�context�extraction,�are�discussed;�2)corpus�mining�and�uti-

lization�for�CCA,�following�related�topics�or�situations�are�explored,�including�classification�of�ci-

tation�motivation�(or�behavior)�and�citation�sentiment,� indexing�and�retrieval�based�on�citation,�

citation� recommendation� and�evaluation,� citation-based�abstracting� and� review�generation� au-

tomatically,� and�domains�knowledge�metrics.� Finally,� some�suggestions�and� future� research�di-

rections�are�briefly�listed.�
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1 Introduction

As� one� of� the� core� research� fields� of� Bibliometrics,� Scientometrics� and� Informetrics� (call�

these�different�research�areas�"information�metrics"�and�abbreviate�it�as�"iMetrics"�(Milojecvic�

&�Leydesdorff,�2013)),�citation�analysis�has�been�studied�for�more�than�half�a�century�since�it�

was� founded� by� E.� Garfield� in� 1960s.� Looking� back,� the� research� development� of� citation�

analysis�has�gone�through�the�following�four�stages:�①Citation�Analysis�1.0,�the�stage�of�cita-

tion�counting�by�using�papers�or�their�bibliographic�elements�as� the�quantitative�analysis�u-

nits�or�objects�(before�1970s);��②Citation�Analysis�2.0,�the�stage�of�clustering�analysis�of�bib-

liographical� relationships,� such� as� bibliographical� coupling� and� co-citation� analysis� (from�

1970s�to�1990s);�③Citation�Analysis�3.0,�the�stage�of�citation�network�analysis�by�using�com-

plex�network�theory�and�SNA�tools(since�2000s);�④Citation�Analysis�4.0,�the�stage�of�citation�

context�(or�content)�analysis�based�on�full-text�information�(since�2010s).

���Citation�Context�Analysis�(CCA)�is�one�of�new�research�frontiers�of�citation�analysis.�By�us-

ing�the�full� text�of�a�citing�paper,�CCA�tries� to�obtain�and�use�all� citation� information�about�

*Corresponding author: guoqianying@126.com



every�reference�listed�in�the�end�of�the�citing�paper,�such�as�citation�position�or�section,�cita-

tion�frequency�(or�strength)�and�citation�context,�and�make�the�quantitative�analysis�of�cita-

tion�content�on�a� finer�granularity.�The� synonymous� terms�of�CCA� include�Citation�Content�

Analysis�(Zhang�et�al.,�2013),�Full-text�Citation�Analysis� (Liu�et�al.,�2013),�etc.�Although�these�

terms�are�different�in�expression,�there�is�no�obvious�difference�in�what�they�are�referring�to.

���Booming�and�fast-growing�of�CCA�are�mainly�due�to�the�joint�influence�and�promotion�by�

the�following�factors:�①the�popularity�of�full-text�database�makes�it�no�longer�difficult�to�ob-

tain�full-text�corpus,�which�lays�the�data�foundation�for�CCA;�②the�progress�of�NLP�technol-

ogy,� such� as� text� mining,� sentiment� analysis,� Named� Entity� Recognition (NER),� Knowledge�

Graph(KG)�and�various�advanced�machine�learning�algorithms,�has�provided�strong�technical�

support�for�CCA;�③the�promotion�of�Open�Citation�and�Initiative�for�Open�Citation�("I4OC").�

"I4OC"�advocates� semantic�publishing� and� citation�opening,� and� is� committed� to� using� se-

mantic�Web� technology� to�publish� and�open� citation� information� in� RDF� format,� so� that� it�

can�be� easily� tracked� and� accessed� like�Web� links� information� and� can� be� understood� and�

used�by�machines."I4OC"�ensures� that�citation�data� is�exposed�and�accessed�unrestricted� in�

more�disciplines�(or�fields),�and�the�OpenCitations�Corpus�(OCC)�created�based�on�SPAR�On-

tologies�(OpenCitations,�2020)��can�gradually�alleviate�the�long-standing�problems�of�citation�

data,� such� as� being� difficult� to� parse,� inconvenient� to� track� continuously� and� unable� to� be�

understood�by�machines,�until�it�is�completely�solved.

���Due�to�the�limitation�of�bibliographic�data,�traditional�citation�analysis�is�always�difficult�to�

accurately�identify�various�citation�behaviors�and�their�hidden�(implied)�motivations,�purpos-

es�and�sentiments�behind�them,�and�also�difficult�to�effectively�judge�ecological�environment�

and�quality�of�citations�in�academic�literature�collection.�The�advent�of�CCA�has�greatly�bro-

ken� the� constraint� of� traditional� research� and� become� a� leading� direction� in� the� field� of�

NLP-based�Bibliometrics�(Amjad�et�al.,�2013).

���As�a�kind�of�typical�data-driven�research,�CCA's�corpus�construction�is�the�most�important�

guarantee�and�support� for� its� research.�Through� the� in-depth�cognition�and�complete�min-

ing�of� the� implied� value�of�CCA�corpus,� it� is� not�only� to�maximize� the� value�of� the� corpus,�

but� also� to� lead� the� innovation� and� development� of� citation� analysis� both� in� theory� and�

methodology.�This�paper�attempts�to�comprehensively�discuss�the�construction,�mining�and�

utilization�of�CCA�corpus,�which� is�mainly�divided� into� two�sections:�one� is� the�construction�

or�building�of�CCA�corpus,�and� its� three�building�tasks,�such�as�citation�sentence�extraction,�

citation-reference� mapping� and� citation� context� extraction,� are� analyzed� respectively;� the�

other� is� the�mining� and�utilization�of� CCA� corpus,� five� related� research� topics� or� situations�

are�discussed,� including�classification�of�citation�motivation� (or�behavior)�and�citation� senti-

ment,�indexing�and�retrieval�based�on�citation,�citation�recommendation�and�evaluation,�cita-

tion-based� abstracting� and� review� generation� automatically,� and� domains� knowledge�met-

rics.�

2 Corpus Construction for CCA

Before� discussing� the� corpus� construction� for� CCA,� let� us� clarify� the� basic� concepts� and�

terminology�related�to�it.

���①Reference�&�Citation.�These�are�two�closely�related�concepts�based�on�the�citing�and/or�

cited�relationships�among�academic�papers.�They�are�also�a�pair�of�basic�concepts�in�the�en-

tire� field� of� citation� analysis� and� many� other� concepts� are� defined� or� derived� from� them.�

Generally,� "reference"� refers� to�a�cited�paper,�which�usually� appears� in� the� reference� list� (at�
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the�end�or�after�the�body�of�a�paper)�and�is�described�or�annotated�in�the�standard�format;�

"citation"� refers� to�a�phrase,�clause�or�sentence�where� the�citation�marker� (or� reference�an-

chor)� is� located�when�a�reference�is�cited�or�mentioned�in�the�body�of�a�citing�paper.�There�

is�a�many-to-many�relationship�between�them,�that� is,�a� reference�has�at� least�one�or�more�

citations�in�the�body�of�a�citing�paper,�and�a�citation�will�also�correspond�to�or�be�associated�

with�one�or�more� references� in� its� reference� list.�Due� to� this,� for� "reference",� there�are�Uni-

tary�Mentioned�Reference�(UMR,�a�reference�that�be�mentioned�only�once�in�a�citing�paper)�

and�Multiple�Mentioned�Reference�(MMR,�a�reference�that�be�mentioned�more�than�once�in�

a� citing�paper);� for� "citation",� there� are�Unitary� Reference� Citation� (URC,� a� citation� only� in-

cludes�one� reference)�and�Multiple�References�Citation� (MRC,�a� citation� includes�more� than�

one�reference),�as�shown�in�Figure�1�(Lin�et�al.,�2019).

Figure 1 The�Definition�and�example�of�MMR,�UMR,�MRC,�URC

�It�should�be�noted�that�only�bibliographic�data�can�be�used�in�early�citation�analysis�while�

"citation"� is�often� regarded�as�a�synonym�of�"reference"� (or�cited�paper).�After�entering� the�

stage� of� full-text� citation� analysis� (4.0),� the� differences� (or� semantic� differences)� between�

them�gradually�become�clear.�Many� scholars�have�had� in-depth�discussions�on� "reference",�

"citation"�and�their�semantic�differences�(Wouters,�1999),�and�the�formation�of�the�reference�

tradition�and�the�establishment�of�the�citation�mechanism�based�on�them�have�become�the�

institutional�guarantee� for� citation�analysis.�Robert�K.�Merton� (1988),� the� founder�of�Ameri-

can�sociology�of�science,�emphasized�that--�"We�thus�begin�to�see�that�the� institutionalized�

practice� of� citations� and� references� in� the� sphere� of� learning� is� not� a� trivial� matter.�While�

many� a� general� reader--that� is,� the� lay� reader� located� outside� the� domain� of� science� and�

scholarship--may� regard� the� lowly� footnote� or� the� remote� endnote� or� the� bibliographic�

parenthesis�as�a�dispensable�nuisance,�it�can�be�argued�that�these�are�in�truth�central�to�the�

incentive�system�and�an�underlying�sense�of�distributive�justice�that�do�much�to�energize�the�

advancement�of�knowledge."�Merton's� view� laid� an� important� foundation� for� establishment�

of�the�Normative�Theory�of�citation.

���②Citation� sentence.� Nakov� et� al.� (2004)� first� used� a� new� term� "citance"� (abbreviation� of�

"citation�sentence")�in�2004�to�refer�to�the�sentence�surrounding�the�citation�marker�in�a�cit-

ing�paper.�"Citation�sentence"�can�be�understood�in�both�narrow�and�broad�sense,� in�which�

the�narrow�one�is�the�sentence�itself�where�the�citation�marker�is�located,�and�the�broad�can�

98



be�extended�to�the�sentence�where�the�citation�marker�is�located�and�its�surrounding�text.�In�

this�paper,�a�complete�sentence�with�a�citation�marker�is�taken�as�a�citation�sentence�(or�"ex-

plicit�citation�sentence").�Obviously,�a� citation� sentence�contains�one�or�more�citations,� and�

each�citation�is�associated�with�one�or�more�references.

���③Citation�context.�Small�(2011)�defined�"citation�context"�as�the�text�surrounding�the�ref-

erences,�which�means�the�text�content�around�the�citation�marker�when�a�reference� is�cited�

in� a� paper� (synonymous� with� the� aforementioned� generalized� "citation� sentence").� For� the�

convenience�of�research,�it�is�usually�necessary�to�set�a�citation�window�to�identify�or�extract�

citation� context.� Terms� with� the� same�meaning� or� similar� to� the� "citation� context"� include�

"citation�area",� "citation� site",� "scope�of� influence�of� citation",� and� "citation� statement",� etc.�

In� our� paper,� we� use� the� term� "citation� context"� uniformly� and� take� the� following� under-

standing:� the� remainder�of�a� specific� citation�window�which� removed� the� (explicit)� "citation�

sentence"�and�some�other�sentences�unrelated�to�this�citation�sentence.� Ideally,�the�remain-

der�has�no�sentences� (or� text)�unrelated� to� this�citation�sentence,� that� is,�all� remaining�sen-

tences�(or�text)�in�the�given�window�have�a�high�semantic�similarity�with�the�specific�citation�

sentence.

���Normative�Theory�of� citation�believes� that� citation� system� is�one�of�academic�norms�and�

basic�professional�standards�that�need�to�be�consciously�abided�by�scholarly�community.�Ci-

tation�behavior�can�be�regarded�as�an�active�way�of�communication�(also�known�as�"formal�

communication")� in�academic�activities,�which� is� important� to�maintain�knowledge�accumu-

lation�and�discipline�development�from�inheritance�and�transcendence�diachronically�to�sup-

plement�and�enrichment�synchronically.�From�this�theoretical�perspective,�citation,�reference,�

citation�sentence�and�citation�context�are�all� indispensable�source�of�CCA�corpus.�Therefore,�

a� fully� functional�CCA�corpus�should� focus�on� the� following� three� tasks� for� its� construction:�

citation�sentence�extraction,�citation-reference�mapping�and�citation�context�extraction.

2.1 Citation Sentence Extraction

Citation�sentence�extraction�is�the�primary�task�of�CCA's�corpus�construction,�and�it�is�also�

the�basis�of�the�latter�two.�Generally�speaking,�the�writing�of�peer-reviewed�papers�has�strict�

requirements�or�description�standards�for�the�annotation�of�references� (in�or�after� the�body�

of� a� paper).� Therefore,� it� is� not� too� difficult� to� identify� and� extract� citation� sentences� from�

the� full-text� of� citing� papers� in� most� cases,� especially� from� those� with� structured� full-text�

(such�as�XML� format).�Of�course,� if�a�paper�with� structured� full-text� cannot�be�obtained�di-

rectly,�extracting�its�citation�sentences�will�be�relatively�difficult�because�such�full-text�needs�

to�be�parsed�and�preprocessed.

���In�fact,�due�to�the�different�writing�habits�of�authors,�the�diversity�of�description�standards�

and�differences� in�citation�styles,�etc.� there�are�still�many�detailed�problems�to�be�solved� in�

accurately�identifying�and�extracting�citation�sentences�from�the�full�text,�and�the�complexity�

of�these�details�cannot�be�ignored.�One�of�the�most�important�problems�is�the�identification�

of�citation�markers�(or�reference�anchors),�so�we�need�to�investigate�citation�styles�first.�The�

widely�used�citation�styles�are�as�follows:�Numbered�(which�use�numbers�or�other�abbrevia-

tions�to�refer�to�an�entry� in�the�reference� list)�and�Author-Date� (which�use�an�"author-year"�

pair�to�uniquely�identify�an�entry�in�the�reference�list,�also�known�as�"Harvard�Style").�Differ-

ent� journals� or� publishers�make� some� adjustments� for� themselves� based� on� these� citation�

styles.� For� example,� different� conventions� are� involved� in� the� Numbered� style,� such� as�

whether� numbers� are� superscripted?� How� to� represent� consecutive� numbers?� And� how� to�
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select�the�separators�between�discontinuous�numbers?�etc.�Powley�&�Dale�(2007)�have�made�

a�more�comprehensive� investigation�on�the�citation�styles�used� in� journal�papers�and�found�

that�there�are�five�kinds�of�citation�styles�more�representative�(see�Table1).

Table1 Some�examples�of�citation�styles

� Citation� sentence� extraction� also� frequently�meets� the� problems� of� informal� citations� or�

implicit� (non-explicit)� citations� (Powley�&�Dale,� 2007;�Qazvinian�&��Radev,� 2010),�which� are�

more� common� especially� when� the� Harvard� style� is� used� for� marking� (or� annotating)�

citations.� For� example,� two� cases� in� Table� 1� (the� third� and� fourth),� there� are� no� obvious�

citation�markers,� instead�of�a�person's�name�or�personal�pronoun�used�to�describe�or�cite�a�

specific� reference.�Many� studies� confirmed� that� such� implicit� citations� often� contain� richer�

semantic� information�and�have�higher� value� in� citation�analysis� (Athar�&�Teufel,� 2012).�Our�

paper� adopts� a� narrow� understanding� of� citation� sentence,� so� here� only� focuses� on�

extraction� of� explicit� citation� sentences,� while� the� identification� and� extraction� of� implicit�

citation�sentences�will�be�discussed�in�Section�2.3.

���After� a� citation� sentence�extracted,� it� can�be� stored� in� a�database� table� and� the� fields� of�

the� table� are� as� follows:� citation� sentence�number� (unique),� citation� sentence� type,� citation�

sentence� content� (text)� and� citation� sentence� source,� etc.� The� "source"� field� can� be� further�

subdivided� into� several� subfields� to� comprehensively� record� its� number� of� citing� paper,�

numbers� of� chapter� (or� section)� position,� paragraph� and� sentence� where� the� citation�

sentence�is�located�in�the�given�citing�paper.

2.2 Citation-Reference Mapping

The�second�construction�task�of�CCA�corpus�is�to�scan�each�citation�sentence�stored�in�the�

database� table� and� make� mapping� between� each� citation� in� the� sentence� and� its�

corresponding� reference (s)� to� form� a� citation-reference� mapping� record� until� all� citation�

sentences� are� processed.� Here� the� key� problem� is� still� the� parsing� of� citation� markers.�

Obviously,� if� a� citation� sentence� contains� only� one� URC� citation,� one� citation-reference�

mapping�record�will�be�created;� if�a�citation�sentence�contains�more� than�one�URC�or�MRC�

citations,� multiple� citation-reference� records� will� be� created.� When� all� citation-reference�

mapping�records�of�all�citation�sentences� in�a�citing�paper�are�stored� in� the�database� table,�

their� metadata� of� citations� for� a� citing� paper� can� be� aggregated.� The� main� fields� in�

citation-reference� mapping� table� include:� citation� sentence� number� (unique),� reference�

number� (unique),� reference� author,� reference� title,� reference� publication� year,� reference�

source,� etc.� Furthermore,� if� reference (s)� and� citing� paper� are� from� the� same� literature�

database,�more� fields�of� reference(s),� such�as�abstract,�keywords,�and�author� institutes,�etc.,�

can�be�considered�to�write�into�citation-reference�mapping�records.

���Citation-reference�mapping� table� is�one�of� the� important�parts�of�CCA�corpus,�which�can�
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provide� effective� supplementary� or� supporting� information� for� accurately� understanding�

their� content� and� semantics� of� citation� sentences,� and� evaluating� rationality� or�

interdisciplinary�of�citation�behaviors,�etc.

���Normally,�a�citation�appears�in�the�body�of�a�citing�paper�with�reference�anchor(s),�and�the�

corresponding� reference (s)� appears� at� the� end� of� the� citing� paper� (corresponding� to� the�

reference� list).� The� common�way� to�establish� a� citation-reference�mapping� record� is� to� use�

regular� expression� to� identify� the� various� styles� of� citation�markers� located� in� the� citation�

sentences.� Figure� 2� gives� a� simple� example� for� the� "Author-Date"� citation� style� (Harvard�

style).�It�can�be�seen�that�how�to�accurately�extract�fields�of�each�reference�corresponding�to�

citation� (such� as� author,� title,� publishing� year,� journal,� conference,� etc.)� from� the� reference�

list� is� quite� complicated.� When� the� Harvard� style� is� used� for� citation� marking,� many� NER�

problems� will� be� involved� due� to� the� different� abbreviations,� translations� and� personal�

pronoun� anaphora� of� author� names,� all� which� are� fairly� difficult� to� identify� and� parse�

accurately.

Figure 2 Examples�of�"Citation-Reference"�Mapping

2.3 Citation Context Extraction

The� third� construction� task� of� CCA� corpus� is� to� identify� and� extract� its� citation� context�

around�a�citation�sentence,�or�it�can�be�understood�as�extraction�of�implicit�citations.�Current�

extraction�strategies�of�citation�context�can�be�divided�into�the�following�three�types:�①tak-

ing� the�whole�paragraph�where� the�citation�sentence� is� located�as� its�context;�②selecting�a�

fixed�number�of�sentences�before�and�after� the�citation�sentence�as� its�context,�or�calculat-

ing� the� physical� distances� between� them� and� the� citation� sentence,� adding� them� different�

weights,� and� then� considering�whether� to� use� them� as� context;�③calculating� the� semantic�

similarity�between�the�citation�sentence�and�its�surrounding�sentences�(in�given�citation�win-

dow),�and�selecting�the�sentences�with�high�similarity�as�its�context.

���Among�these�strategies,�the�first�two�are�simple�and�easy,�while�the�third�is�the�most�ideal�

that� requires� a� large� computational� cost� and� time� consumption� (deeply� rely� on� NLP� algo-

rithms).�Literature� investigation� found�that� there� is�no�consensus�on�how� to�extract� citation�
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context:� the� first� two� strategies� are� extensively� used� to� resolve� this� problem;� some�directly�

extract�citation�sentences�as�an�alternative;�and�a�few�researches�also�began�to�pay�attention�

to�the�third�strategy�which�tried�to�make�elastic�adjustments�to�the�number�of�extracted�sen-

tences�to�improve�extraction�quality�of�citation�context.�For�example,�through�calculating�se-

mantic�similarity�between�each�sentence�(in�the�given�citation�window)�and�the�citation�sen-

tence,�the�sentence(s)�with�high�similarity�(more�than�a�certain�threshold)�but�not�necessarily�

adjacent�to�the�citation�sentence�can�be�identified.�Finally,�the�actual�extraction�result�of�con-

text� can� contain� different� number� of� sentences� by� removing� irrelevant� text� to� the� citation�

sentence� and� be� divided� into� different� types� accordingly,� such� as�No� Context,� Only� Before�

(the�citation�sentence),�Only�After(the�citation�sentence),�Both�Before�and�After� (the�citation�

sentence).

���Obviously,� the� challenge� and� complexity� of� accurately� and� completely� extracting� citation�

context� far�exceed�the� first� two�construction� tasks�of�CCA�corpus.�Some�researches�special-

ized�in�the�challenge�tasks�are�in�progress�(Lei�et�al.,�2016),�and�many�other�studies,�such�as�

citation�function�classification�(Teufel�et�al.,�2006a;�Teufel�et�al.,�2006b),�citation�summariza-

tion�(Qazvinian�&�Radev,�2008;�Qazvinian�&�Radev,�2010� )�and�automatically�generating� re-

view�(Nanba�et�al.,�1999;�Nanba�et�al.,�2011),�also�involved�massively�in�it.�Results�of�all�these�

studies� have� further� confirmed� that� CCA� corpus� can� not� only� using� (explicit)� citation� sen-

tences.�A� lot�of� important� information�about�author's�attitude�and�comments�on� references�

(or� cited� papers)� often� appear� somewhere� around� the� citation� sentences� and� their� context�

information�is�very�important�for�many�CCA�research�topics.

2.4 Some Related Discussion

Though� CCA� has� become� active� recently,� related� discussion� focusing� on� its� corpus� con-

struction� is� still� rare.� Three� construction� tasks� discussed� above� are� all� important� parts� of� a�

complete�CCA�corpus,�among�them�extracting�citation�sentence�is�most�critical,�and�the�diffi-

culty� of� citation-reference� mapping� and� citation� context� extraction� remains� incrementally.�

They�are�all�related�to�a�large�number�of�NLP�technical�issues,�such�as�Named�Entity�Recog-

nition�(NER),�anaphora�resolution,�definition�and�calculation�of�sentence�similarity,�dictionary�

building�for�clue�words,�and�knowledge�representment�and�extraction�(for�example�semantic�

triple�of�SPO),�etc.,�which�require�help�of�machine�learning�algorithms.�Due�to�limited�space,�

these�issues�can�only�be�discussed�in�another�paper.

���We�believe�that�the�first�choice�for�massive�construction�of�CCA�corpus�is�biomedical�field�

in� the� current� situation,� some� reasons� list� as� follows:�①The� full-text� of� academic� papers� in�

this� field�has�a�high�degree�of�open�access,� especially� the� structured� full-text.� For� example,�

only�PubMed�Central�(PMC)�has�collected�more�than�3�million�articles�(in�XML�format),�which�

is�not�only�free�and�open,�but�also�easy�to�analyze�and�use,�which�undoubtedly�provides�suf-

ficient�and�high-quality�sources� for�corpus�construction.�②Research�tools�are�abundant�and�

relatively�mature.�There�are�many� thesauri�and� their� supporting� tools,� such�as�MeSH,�UMLS�

and�Medical�Text�Indexer�(to�extract�medical�subject�terms),�MetaMap�(to�extract�UMLS�con-

cepts)�(NLM,�n.d.);�Second,�there�are�Semantic�MEDLINE�Database�(SemMedDB)�(Kilicoglu�et�

al.,�2012)�which�stored�and�represented�in�SPO�triples�and�its�supporting�SPO�extraction�tool�

Batch�SemRep� (Kilicoglu�et�al.,� 2012);�Third,� there�are� tools�of�extracting�citation� sentences,�

such�as�Colil�for�extracting�PMC�citation�sentences�only�and�free�AI�tool�Semantic�Scholar�for�

extracting�beyond�PMC.�In�addition,�medical�document�feature�modeling�BioBERT�(Lee�et�al.,�

2020)�based�on�deep�learning�algorithm�and�the�knowledge�graph�based�on�BioBERT�(Xu�et�
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al.,�2005)�are�also�in�open�and�available.�③A�large�number�of�concepts,�entities�or�knowledge�

objects� (such�as�diseases,�drugs,� tissues/organs,�genes,�medical� instruments,�etc.)�existing� in�

this�field�can�be�used�for�bibliometric�analysis,�and�semantic�relations�and�their�meanings�a-

mong� these� concepts,� entities�or�objects� are� also� very� rich� and� clear,�which� can�provide� e-

nough�research�topics�and�application�scenarios�for�CCA.�Obviously,�building�its�CCA�corpus�

in�biomedical�field�has�significant�benefits.

3 Corpus mining and utilization for CCA

Citation�sentences�and�their�context�related� to�a�specific� research�paper�are�very�valuable�

because�they�are�peers-reviewed�text�and�have�rich�evaluation�information�among�them.�Es-

pecially�for�highly�cited�papers,�such�corpus�of�text�continuously�accumulated�after�a�period�

of�publication�time�has�a�huge�amount�of� information�and�utilization�value,�which� is�worthy�

of� in-depth�mining� and�utilization.� The� corpus� construction� for�CCA,� on� the�one� hand,� can�

ensure� the� comprehensive� extraction,� analysis� and� storage� of� this� kind� of� valuable� text;� on�

the�other� hand,� it� can� effectively� remove� a� large� number�of� redundant� fragments� from� full�

text�and�facilitate�mining�and�efficient�utilization.�

���After�carefully�considering�and�evaluating�value�of�such�citation�corpus,�five� important�re-

search�topics�focusing�on�CCA�corpus�mining�and�utilization�are� listed�and�discussed�as�fol-

lows.

3.1 Classification of Citation Motivation (or Behavior) and Citation Sentiment

Accurate�classification�of�citation�motivation�(or�behavior)�and�citation�sentiment�is�the�pri-

mary� research� task�of� CCA,� and� it� is� also� a� difficult� problem� staying� in� the� field� of� citation�

analysis� for� a� long� time.� CCA� corpus� derived� from� full-text� of� papers�makes� it� possible� to�

solve� above� problems� or� achieve� breakthroughs� and� plays� an� important� role� in� reasonably�

differentiating�weight�or�impact�of�every�citation,�modifying�and�improving�research�hypoth-

esis�and�theory�of�citation�analysis.�At�the�same�time,�CCA�corpus�has�also�laid�a�solid�foun-

dation�for�a�series�of�further�researches,�such�as�evaluation�of�quality,�rationality�and�ecolog-

ical�environment�of�citations,�as�well�as�citation�content-based�academic�evaluation,�etc.

3.1.1 Classification of Citation Motivation (or Behavior)

Psychologists�believe� that�motivation� is�an� internal�psychological�process�or� impetus� that�

leads� to,� inspires� and�maintains� individual� activities� by� goals� or� objects.� The� generation� of�

motivation�is�mainly�based�on�needs�at�various� levels.�Citation�motivation� is�a�kind�of�social�

motivation,�mainly�due�to�the�needs�of�academic�research.�Furthermore,�various�motivational�

theories� in� psychology� hold� that� motivations� are� the� basis� of� most� human� behaviors,� and�

there�is�a�close�relationship�between�motivations�and�behaviors.�Therefore,�citation�behaviors�

can�be�regarded�as�an�externalized�expression�of�citation�motivations.�For�the�sake�of�conve-

nience�of�discussion,�the�following�does�not�make�a�strict�distinction�between�them.

��� Citation�motivations� (or� behaviors)� is� key� to� whether� the� research� hypothesis� of� citation�

analysis�is�tenable�and�whether� its�theoretical�basis� is�complete,�so� it�has�attracted�great�at-

tention� of� scholars� as� early� as� 1960s.� Through� the� investigation� and� observation,� Garfield�

(1964),� founder� of� citation� analysis,� first� summarized� citation�motivations� appearing� in� the�

writing�of�scientists'�academic�papers� into�the�following�15�types:�1)�paying�homage�to�pio-

neers;� 2)� giving� credit� for� related� work� (homage� to� peers);� 3)� identifying� methodology,� e-

quipment,�etc.;�4)�providing�background�reading;�5)�correcting�one's�own�work;�6)�correcting�

the�work�of�others;�7)�criticizing�previous�work;�8)�substantiating�claims;�9)�alerting�to�forth-
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coming�work;� 10)�providing� leads� to�poorly� disseminated,� poorly� indexed,� or� uncited�work;�

11)� authenticating� data� and� classes� of� fact-physical� constants,� etc.;� 12)� identifying� original�

publications� in�which�an� idea�or� concept�was�discussed;� 13)� identifying�original� publication�

or�other�work�describing�an�eponymic� concept�or� term�as,� e.g.�Hodgkin's�Disease,� Pareto's�

Law,� Friedel-Crafts� Reaction,� etc.;� 14)� disclaiming�work� or� ideas� of� others� (negative� claims);�

15)� disputing� priority� claims� of� others� (negative� homage).� Since� then,� many� scholars� have�

had�more�discussions�on� citation�motivations� (or� behaviors)� from�different� dimensions� and�

different� classification� frameworks� (Bornmann� &� Daniel,� 2008;� Brooks,� 1985;� Thorne,� 1977;�

Weinstock,� 1971).� In� recent� years,� domestic� scholars� have� also� introduced� ecological� per-

spective�for�classifying�motivations�of�citations�into�different�types,�such�as�parasitism,�mutu-

alism,� competitive� symbiosis,� commensalism,� amensalism� and� irrelevant� symbiosis� (Li� &�

Liang,�2012).

���According�to�different�research�methods�of�citation�motivations(or�behaviors),�existing�re-

lated�works�or�research�outputs�can�be�summarized�into�the�following�four�categories:�①ex-

perience�judgment�of�fields�experts�for�simple�classification�of�citation�functions�and�motiva-

tions,�most�of�early�studies�falls� in�this�category;�②using�questionnaire�survey�and� interview�

to� understand� users'� real� citation�motivations� or� behaviors;�③empirical� research� based� on�

small-scale� scientific� literature� data� sets� to� verify� or� improve� existing� citation� classification�

models;� ④ automatically� identifying� citation� motivations� (or� behaviors).� Among� them,� the�

fourth� is� one�of� the� frontier� topics� in� the�CCA� research�which� especially� relies� on� the� con-

struction� of� large-scale� citation� corpus,� and� can� effectively�make� up� for� the� shortness� and�

defects�of�the�first�three�types�of�research.

���Further� literature� investigation�shows�that�the�fourth�type�of�research�can�also�be�roughly�

divided� into� rule-based,� statistical-based� and� ontology-based� methods.� Among� them,�

rule-based�method�is�simple�and�effective,�but�it�is�time-consuming�and�laborious�to�build�a�

base�of� rules�manually�by� experts� in� advance,� not� easily� shifting� across� different� fields� also�

leads�to�its�poor�flexibility;�statistical-based�method�mainly�uses�various�machine�learning�al-

gorithms� (such� as� Na� ve� Bayes,� N-gram,� Support� Vector� Machine,� etc.)� to� train� classifiers,�

which� needs� to� build� a� manually� annotated� citation� corpus� in� advance;� ontology-based�

method�needs�to�build�an�ontology�using�for�citation�classification�description,�there� is�now�

only� Semantic� Publishing� and� Ontologies� (SPAR)� can� be� compatible� with� ontology� frame-

works�such�as�Citation�Typing�Ontology�(CiTO)�(Iorio,�2013;�Shotton,�2010)�and�can�be�used�

for�reference�in�practice.

���In�short,�classification�of�citation�motivations�(or�behaviors)�is�confronted�with�the�difficulty�

of�how�to�"enter�the�author's�head",�which�a�lot�of�problems�of�distinguishing�psychological�

cognition�and�emotional�attitude�involves� in.�Now,�various�automatic�recognition�or�classifi-

cation�methods� are� commonly� encountered� such� corners� as� follows:� inconsistent� classifica-

tion� frameworks� (no� consensus� or� little� agreement� has� not� reached� about� it),� poor� corpus�

quality�(small�corpus,�inaccurate�and�incomplete�extraction�of�citation�sentences�and�context,�

etc.),� and� algorithm� limitations� or� heavy� burden� of�manual� annotation.� For� the� future,� it� is�

necessary�to�strengthen�the�integrated�utilization�of�different�research�methods,�and�how�to�

construct�a�more�comprehensive�citation�classification�framework�(or�model)�through�exten-

sive�investigation�or�by�reference�to�ontology�tools�such�as�CiTO�is�also�key�path�in�order�to�

complete�automatic�classification�of�citation�motivations�(or�behaviors)�with�higher�accuracy�

according�to�some�valuable�cue�words�extracted�from�the�citation�sentence�and�its�context.

��� Finally,� it� should� be� emphasized� that� explorations� on� citation�motivations� (or� behaviors)�
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have�always�been�as�a�central�topic�in�field�of�citation�analysis�throughout�all�stages�from�1.0�

to� 4.0.� If� summarizing� all� these� studies� theoretically,� two� schools� or� cliques� for� cognition�

about� citation�motivation�gradually� formed� as� below:� one� is� the�Normative� Theory� of� cita-

tion,�emphasizing�that�citation�system�is�the�academic�norm�abided�by�all�scientists� in�prac-

tice,�thus�citations�from�peers�represent�obtaining�recognition,�and�more�citations�represent�

more� recognition.� So,� citation� analysis� as� a�method� can� be� used� to� evaluate� achievements�

and�impacts�of�scientists�and�their�works.�The�second�is�Social�Construction�of�citation,�which�

only�regards�citation�as�a�rhetorical�device� (it�has�nothing�to�do�with�Merton's�social�norms�

theory).� It�holds� that� citations�among�papers�are�a�kind�of� information�utilization�behaviors�

taken�by� individuals�because�of� their�perceived�needs,�and�citation�motivation� is�a�complex,�

uncertain�and�private�operation�with�certain�propensity,�so�the�usefulness�of�citation�analysis�

is�questionable.�Many�scholars�have�made�a� lot�of� theoretical�discussions�and�experimental�

analyses� around� these� topics� (Baldi,� 1998;� Collins,� 1999;� Nicolaisen,� 2003;� Nicolaisen,� 2007;�

Small,� 1978;� Small,� 1998),� some� of� them� have� tried� to� put� forward� new� citation� theories�

(Small,�2004;�Nicolaisen�&�Frandsen,�2007).�Up�to�now,�although�the�two�theories�have�their�

own�achievements,�their�views�or�opinions�about�citation�are�in�sharp�opposition.�How�to�e-

liminate�or�balance� their�disputes� and� seek� their� combination� in� the� future� has� become� an�

important�research�mission�of�CCA.

3.1.2 Classification of Citation Sentiment

Research� for� citation�motivation� affected� by�many� subjective� and� objective� factors� is� ex-

tremely� complex,� which� has� a� natural� difficulty� in� its� accurate� recognition.� In� contrast,� the�

distinction�of�citation�sentiment�or�emotions�not�only�depends�on�the�recognition�of�citation�

motivation,�but�also�on�the�accurate�extraction�and�correct�understanding�of� the�cue�words�

representing�various�emotional�attitudes�in�the�citation�corpus,�which�is�also�very�challenging�

and�difficult�same�as�study�for�citation�motivation.�

���Sentiment�analysis� is�the�task�of� identifying�positive�and�negative�opinions,�sentiments,�e-

motions�and�attitudes�expressed� in�text.�Although�there�has�been�a�growing� interest� in� this�

field�in�the�past�few�years�for�different�text�genres�such�as�newspaper�text,�reviews�and�nar-

rative�text,�relatively� less�emphasis�has�been�placed�on�extraction�of�opinions�from�scientific�

literature,�more� specifically,� citations� (Athar,�2011).�Different� from� the�highly�personal� emo-

tional� commentary� texts� on� hot� topics� (or� events)� published� by�Web� users,� emotional� ex-

pression� is�mostly�considered� to�be� relatively�neutral�when� it� comes� to� literature�citation� in�

academic� papers,� such� as� citing� some� facts� or� data,� or� objectively� introducing� the� design�

idea�and�working�principle�of�an�algorithm.�Only�when�it�comes�to�the�subjective�evaluation�

of� previous� research,� the� more� implicit� and� euphemistic� emotional� expression� (positive� or�

negative)� will� appear� in� the� writing.� CCA� corpus� (mainly� involving� citation� sentences� and�

their� context)� has� rich� evaluation� information� related� to� author's� emotional� expression� for�

the�cited�paper.�Therefore,�the�analysis�or�classification�of�citation�sentiment�can�mainly�use�

this�part�of�the�CCA�corpus,�but�the�difficulty�and�complexity�of�recognition�of�citation�senti-

ment� has� been� greatly� increased� undoubtedly� due� to� the� author's� relatively� cautious� and�

careful�wording.

��� The�classification�of� citation� sentiment�has�been� involved� in� the� research�of� citation� con-

text�extraction�and�citation�motivations�(or�behaviors)�classification,�etc.�(Teufel�et�al.,�2006a;�

Teufel� et� al.,� 2006b),� and� some� studies� adopted� artificial� methods� directly� (Yu,� 2014).With�

rapid�development�of�NLP�technology�and�related�machine�learning�algorithms,�the�research�

on�automatic� classification�of� citation� sentiment� is�gradually�developed.� Its�basic�procedure�
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or�main�steps�for�experimental�study�can�be�described�as�follows:

���①Construct�or�establish�classification�model�(framework)�of�citation�sentiment.�One�of�the�

primary� important�challenges� is�how�to�define� the� implied� sentiment� in� the�citation�corpus,�

including�two�dimensions�of�sentiment�polarity�and�sentiment�strength.�Generally,�the�deter-

minants�of� citation� sentiment�polarity�are�mostly� related� to� citation�motivation,� and� can�be�

simply�divided�into�three�categories:�positive,�negative,�and�neutral;�while�citation�sentiment�

strength�can�be�divided�into�strong�and�weak.�The�elements�combination�of�the�two�dimen-

sions�can�form�a�preliminary�citation�sentiment�classification�model.

���Similar� to�the�classification�of�citation�motivation�belonging�to�the�same�category�of�psy-

chological�activities,�there�is�no�consensus�classification�framework�for�citation�sentiment,�es-

pecially�the�fine-grained�framework.�Therefore,�a�classification�model�that�meets�the�require-

ments�of�citation�sentiment�recognition�task�can�be�constructed�by�referring�to�the�relevant�

research�results�of�citation�motivation�recognition.

���②Based�on�the�sentiment�classification�model�and�citation�corpus,�manually�annotating�ci-

tation� sentiment� and� creating� a� training� set� by� using� annotation� results.� In� fact,� because�

most�of� the�emotional�expressions� in�citation�corpus�are� implicit� and�euphemistic,� the� sub-

jectivity�of�manual�annotation�is�inevitable.�How�to�ensure�the�quality�and�consistency�of�re-

sults�of�emotional�annotation�needs�to�be�paid�more�attention�to.�

���③Compile�a�dictionary�of�clue�words�for�citation�sentiment� recognition.�The�compiling�of�

the�dictionary�of�clue�words�is�a�complicated�NLP�task,�and�there�is�no�available�one�for�cita-

tion�sentiment�recognition�yet�at�present.�HowNet�(CNKI)�is�a�universal�emotional�dictionary�

which�is�difficult�to�use�directly�because�its�coverage�is�not�enough�for�fully�covering�specific�

fields.�Therefore,� it� is�necessary� to�start�with� the�selection�of�seed�words� (mostly�adjectives)�

and�complete�the�compilation�through���continuous�expansion�of�the�set�of�seed�words.�It� is�

worth� noting� that� emotional�words� are� not� only� adjectives,� some� nouns,� adverbs,� negative�

words�and�even� transition�conjunctions�are�all�useful�and� important�ones.� For�example,� ad-

verbs�may� be� an� important� basis� for� judging� sentiment� strength,� while� transition� conjunc-

tions�may�directly�determine�or�change�the�sentiment�polarity�of�a�sentence.�So,�it�is�very�im-

portant�for�recognition�task�of�citation�sentiment�in�given�field�to�building�a�fitting�dictionary�

of�clue�words�with�high�coverage�(or�wide�range).

���④Design�or�apply�classification�algorithm�to�complete�the�task�of�citation�sentiment�classi-

fication.�The�common�machine� learning�algorithms�which�can�be� selected� to�use�mainly� in-

clude�Na�ve�Bayes,�Support�Vector�Machine�(SVM),�etc.�According�to�the�emotional�score�of�

each�word�in�the�emotional�Dictionary�(to�be�preset�after�compiling),�emotional�scores�of�all�

clue�words�existing�in�given�citation�sentence�or�its�context�can�be�used�for�calculating�emo-

tional� score�of� the�whole� citation� sentence�or� its� context.� Finally,� all� citation� sentences� and�

their� context� can� be� classified� into� different� emotional� categories� by� using� their� emotional�

scores�respectively.

���Deep� learning�algorithms�have�been�developed�and�applied� rapidly�on� various�NLP� tasks�

during� recent� years,� but� related� research� on� citation� sentiment� recognition� by� these� algo-

rithms�has�not�been�founded�easily.�Relative�lag�of�corpus�construction�for�CCA�is�one�of�the�

major� constraints�because� it� is� very�difficult� to� estimate� a� large�number�of� parameters� that�

these�deep�learning�algorithms�demanded�on�existing�small-scale�citation�corpus.

3.2 Indexing and Retrieval Based on Citation

Automatic� indexing�by� using�CCA� corpus� can�optimize� traditional� indexing�methods� and�
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its� results,�and� lay�a� foundation� for�citation� retrieval,�especially� for�citation�context� retrieval.�

Furthermore,� the� implementation�of� indexing�and� retrieval�based�on� citation�will� accelerate�

the�research�of�citation�analysis.

3.2.1 Citation Indexing

The�indexing�value�of�citation�corpus�is�mainly�reflected�in�whether�new�keywords�or�sub-

ject� words� reflecting� paper's� content,� theme� and� academic� contribution� can� be� extracted�

from�such�text�or�corpus,�so�as�to�add�and�enrich�indexing�terms�obtained�from�its�title,�ab-

stract�and�keywords�in�a�given�paper�to�a�certain�extent.�

���The�research�steps�of�citation�indexing�can�be�described�as�follows:�①selecting�target�pa-

pers� (usually�some�highly�cited�papers)�as�a�sample�set�of�papers(D);�②for�each�paper�dj� in�

D,�gathering�all� citation�sentences�and�their� contexts� from�each�main�body�of� its� citing�pa-

pers� (set),� and� further� extracting� all� keywords� (set� CKj)� from� these� citation� sentences� and�

their�contexts;�③comparing�keywords�in�CKj�with�the�original�keywords�of�paper�dj�(set�Kj,�to�

be� usually� composed� of� keywords� from� title,� abstract� and� some�descriptors�written� by� au-

thors�of�dj),� to� find�out�whether�or�not�new�keywords�are�extracted� in�CKj?�How�many�and�

their�quality�of�these�new�keywords?�Can�they�reveal�the�content�or�theme�of�the�target�pa-

per� as� enriched� indexing� terms?�④Repeating� steps②and③until� all� sample�papers� in�D� are�

finished.

��� It� has�been� found� that� some�new�keywords�with�good� indexing� value� can�usually� be� ex-

tracted�from�citation�corpus,�and�they�are�very�useful�for�optimizing�the�characterization�and�

disclosure�of�important�contents�of�the�target�literature�(Zhang�et�al.,�2017).�Generally�speak-

ing,�the�higher�the�cited�times�of�a�target�paper,� the�more�abundant�citation�sentences�and�

contexts� can� be� obtained,� and� correspondingly,� the� greater� the� possibility� of� finding� addi-

tional�index�terms.

3.2.2 Citation Context Retrieval

The�problem�about�citation�context� retrieval� (or� retrieval�based�on� citation� context)is�de-

scribed�briefly�below:�according�to�the�user's�query�or�his/her�search�input�of�words,�return-

ing�immediately�online�some�citation�sentences�matched�with�this�query�or�searching�words�

in�citing�papers,�and�detailed�information�for�each�hit�citation�sentence�in�the�answer�set�al-

so�includes� its� context� (before� or/and� after� the� hit),� position� in� the� paper� (for� example�

IMR&D),�all�references�occurred�in�the�hit�(with�co-citation�relationship),�etc.

���Objectively�speaking,�citation�context�retrieval�does�not�require�too�many�technical�break-

throughs.� It�only�needs�to�extract� feature� terms�with� index�value� (or�significance)� from�cita-

tion�sentences�in�CCA�corpus�and�organize�them�into�inverted�files�in�order�to�matching�us-

er's�queries.�Hu�(2016)�has�designed�and� implemented� the�SOS� (search�of�sentence)�system�

in�his�doctoral�dissertation�which�search�results�can�provide�each�hit�citation�and� its� follow-

ing�citation�information:�position�(of�chapter�or�section),�context�and�all�co-cited�references.�

It� is� not� only� convenient� for� users� to� understand� more� citation� details� and� realize� the�

progress� from� "what� to� cite"� to� "how� to� cite",� but� also� lay� a� research� foundation� for�more�

fine�granular�co-citation�analysis�(for�example,�co-citation�analysis�at�the�level�of�single�cita-

tion�sentence,�or�single�paragraph�or�section�of�papers,�etc.).�

��� Semantic� Scholar,� a� free� search� tool� launched�by�Allen� Institute� for�AI� (AI2)� in� 2016,� also�

provides�some�citation�retrieval�services,�such�as�References�(referenced�by�this�paper),�Cita-

tions� (citing� this�paper),� and�Figures,�Tables�and�Topics� (search� for� charts� and� their� titles� in�

given� paper).� According� to� recent� visit� and� investigation,� Semantic� Scholar� has� collected�

nearly�200�million�papers� in� its�database,�which�can�be�used�as�a� citation�extraction� tool� in�
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addition�to�search�service.�Compared�with�Colil�(DBCLS,�n.d.),�an�OSS�(open�source�software)�

that� only� aims� at� extracting� citation� sentences� from� abstract� of� articles� in� PMC,� Semantic�

Scholar�can�be�applied�to�more�literature�databases�except�for�PMC,�such�as�Microsoft�Aca-

demic,�Springer,�Nature�and�ArXiv,�etc.

3.3 Citation Recommendation and Evaluation

Citation�recommendation� is�mainly�devoted�to�providing�timely�and�effective�help�for� the�

author's�academic�paper�writing�and�successful�publication,�including�immediate�recommen-

dation�and�evaluation� recommendation.�The� former� serves� for� the� author's� academic�paper�

writing,�and�provides�a�list�of�suitable�citing�reference(s)�related�to�the�current�content�writ-

ten�online�by�author,�while�the�latter�serves�to�comprehensively�evaluate�the�quality�of�refer-

ences�cited�in�the�paper�after�finishing�it,� including�relevance,�comprehensiveness,�academic�

quality� of� these� references;� citation� ecological� environment� of� the�written� paper,� and� gives�

some� comments� (such� as� reservation/� deletion,� ecological� health/sub-health/pollution,� etc.)�

or�provides�important�references�that�failed�to�cite�or�omitted�by�author(s).�Both�the�former�

and�the�latter�need�to�be�based�on�an�accurate�understanding�of�the�content�or�semantic�re-

lationship� between� the� cited� papers� (references)� and� citing� papers,� especially� the� former,�

which�is�more�dependent�on�high-quality�citation�corpus,�and�is�also�an�important�source�of�

high-quality�citation�corpus.�At�present,�some�service�systems�with�citation�recommendation�

function� have� appeared.� For� example,� after� uploading� a� paper� in� PDF� format� or� its� URL� in�

Website,� such�system� like�Citeomatic,�can� return�a� list�of� references�already�cited�by�author

(s)�and�a�list�of�papers�which�are�deserved�to�be�cited�by�Citeomatic�but�not�yet�cited�by�au-

thor(s).

���Citeomatic�is�a�typical�citation�evaluation�and�recommendation�tool.�Although�its�function�

is�limited�(no�immediate�recommendation�now),�there�is�a�large�room�for�service�enrichment�

or�function�expansion�for�expected�citation�evaluation�in�future,�especially�for�academic�eco-

logical�assessment�based�on�CCA�corpus.�For�example,�given�citing�paper(s)(single�or�collec-

tive)�and�then�obtaining�all�citation�sentences�and�their�positions�occurring�in�the�citing�pa-

per(s),�the�overall� judgment�about�the�single�paper�or�macro�monitoring�of�ecological�envi-

ronment� about� the� collection� of� papers� can� be� considered� comprehensively� by� analysis� of�

multi-dimensional� influencing� factors,� including� citation� motivations (or� behaviors),� citation�

relevance(combined�with�using�citation-reference�mapping�records� in�CCA�corpus),�quantity�

and�quality�of� their�citations,�etc.�Finally,�some�further�comments�on�the�citing�paper(s)�can�

be�concluded,�or�evaluation�results�of�classification�can�be�given,�like�"Health",�"Sub-Health",�

"Pollution",�etc.�This�undoubtedly�has�a�great� influence�and�guidance�on�creating�healthy�a-

cademic� environment� (or� atmosphere),� developing� academic� research� activities� orderly� and�

improving�current�mechanism�of�academic�evaluation�drastically.

3.4 Citation-Based Abstracting and Review Generation Automatically

An�abstract� refers� to�a�brief�and�accurate�description�of� the�content�of�a�document� (or�a�

document� unit),� and� usually� does� not� include� the� supplement,� explanation� or� comment� to�

the�original.�There�are�various�types�of�abstracts,�two�kinds�of�manually�writing�ones�are� in-

formative�abstract�and�indicative�abstract,�while�automatically�generating�ones�can�be�divid-

ed�into�more� types� according� to�different� standards.� For� example,� according� to�whether� o-

riginal� text� is�used,� it� can�be�divided� into�Full� text-Based�Abstract� (FBA)� and�Citation-Based�

Abstract� (CBA);� according� to�whether� it� is� oriented� to� specific� users,� it� can� be� divided� into�
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Generic�Abstract�and�Biased�Abstract,�and�the�latter�can�be�further�subdivided�into�different�

subtypes,� such�as�biased�document� themes,�biased�user� interests�and�biased�user's�queries;�

according� to� the� number� of� documents� processed,� there� are� Single� Document� Abstract�

(SDA)�and�Multiple�Document�Abstract�(MDA).�In�particular,�when�the�number�of�documents�

to� be� automatically� summarized� reaches� or� exceeds� a� certain� threshold� level,�MDA� can� be�

regarded� as� automatically� generating� survey� or� review.� Finally,� the� following� four� kinds� of�

abstracts� based� on� different� research� strategies� are� often� referred� to,� such� as� statisti-

cal-based� abstract� (or� excerpt),� NLP-based� abstract,� information� extraction-based� abstract�

and�text�structure-based�abstract.

���As�one�of�the�important�research�topics�emerged�in�the�field�of�NLP�since�1950s,�automat-

ically� abstracting� has� always� been� focused� on� the� generation� technology� and� method� of�

FBAs� for� a� long� time.�Although� these� FBAs� (including� the�author's� abstracts)� can�better� re-

flect� the�content�of� the�original� text,� their�ability� to�summarize� the� influence�of� the�original�

text� is� relatively� limited,�and�they�can't� reflect� the�diachronic�changes�of� the� literature� influ-

ence�after�publishing�(Mei�&�Zhai,�2008).�So,�CBA�emerged�gradually�as�a�new�research�and�

exploration�direction� since�2008� (Qazvinian�&�Radev,� 2008).� It�mainly� learns� from� theory�of�

citation� analysis� in� Bibliometrics� and� uses� the� citation� corpus (especially� citation� sentences�

and�their�contexts)�to�form�a�generalization�or�understanding�about�main�content�of�a�paper�

to� be� abstracted�which� can� reflect� its� academic� influence� or� value� from� the� views� of� other�

peer's�researches.

���All� existing� theoretical� and�empirical� analyses� show� that�CBA�has�many�advantages� com-

pared�with� its� FBA� (Bradshaw,� 2003;� Elkiss� et� al.,� 2008;� Kan� et� al.,� 2002;�Mohammad� et� al.,�

2009).�Especially�for�the�highly�cited�papers,�their�citation�abstracts�are�more�obvious� in�ob-

jectivity�and�diversity.�In�fact,�their�citation�corpus�is�more�general,�extended�and�critical�after�

ever-increasing�accumulation�and�processing�by�more�and�more�academic�peers�which� can�

better�reflect�the�significant�parts�of�the�original�text.

���A�typical� research�task� for�CBA� in�early� time�can�be�described�as�below:�given�a�paper� to�

be� abstracted,� gathering� its� citing� papers� completely� and� extracting� all� citation� sentences�

and�their�contexts� (and�regard�as�a� set�of� citations);� then�selecting� some�citation� sentences�

from�the�set� to�generate� its�citation�abstract,�and�ensure� that� these�selected�sentences�as�a�

subset� has� sufficient� compression� rate� and� good� generalization� ability.� Its� main� research�

steps� (or� key� issues� involved� in)are� listed� as� follows:� ① selecting� an� appropriate� full-text�

database�(for�its�coverage�and�availability);�②identifying�and�extracting�citation�sentences�(in�

broad�or� narrow� sense);�③classifying� and� screening� these� citation� sentences� by� identifying�

their�types�and�purposes;�④organizing�or�ranking�citation�sentences�to�form�an�abstract� (as�

a� draft);�⑤post-processing� of� abstract� draft,� such� as� de-duplication,� coherence� processing�

for�sentences,�etc.;�⑥evaluating�abstract.�

���Obviously,�CBA's�study�is�closely�related�to�the�task�of�construction�of�CCA�corpus.�The�key�

points�and�difficulties�are�mainly�derived�from�the�second,�third�and�fourth�steps.�The�exist-

ing�problems�are�the�lack�of�structured�full-text�corpus�(except�PMC),�accurate� identification�

or�extraction�of�citations�and�contexts�in�non-fixed�citation�window,�semantic�de-duplication�

and�reasonable�ranking�of�citation�sentences,�and�new�design�for�suitable�evaluation�indica-

tors�and�schemes�(such�as�for�evaluation�of�sentence�coherence).�Up�to�now,�many�kinds�of�

CBAs� still� focus�on� the�generation�of� single� document� abstract� (SDA).� It� should� be� consid-

ered�how�to�extend�from�SDA�to�multiple�document�abstract� (MDA)�and�to�generate� litera-

ture� review�automatically,�which�will� lead� to� all� old�problems,� such� as� classification/cluster-
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ing,�de-duplication�and�ranking�of� citation� sentence,�becoming�more�difficult� and�challeng-

ing.� Furthermore,� the� combination�of�CBA�and�FBA� is� also� an� important� research� topic� be-

cause�CBA�will�be�greatly�restricted�or�impracticable�for�mostly�low�cited�papers�in�academic�

collections�due�to�the�lack�of�their�citation�corpus.

3.5 Domains Knowledge Metrics

Metrics� and� analysis� of� scientific� knowledge� has� attracted� wide� attention� in� recent� year,�

and�CCA�corpus�has�become�an�important�guarantee�for�such�researches�which�are�promot-

ing�development�of�iMetrics�to�Knowledge�metrics�gradually.�Two�basic�problems�need�to�be�

solved�in�knowledge�metrics:�one�is�knowledge�representation,�which�defines�the�knowledge�

entity�(or�object)�and�its�representation�method�for�quantitative�analysis,�that�is,�determining�

the�basic�knowledge�unit;�the�other�is�meta-knowledge�representation,�which�is�used�to�rep-

resent� its�sources�and�cognitive�states� for�a�given�knowledge�entity� (object)�or�basic�knowl-

edge�unit,�like�known,�unknown,�etc.

���Take�an�example�of�the�field�of�medicine.�To�solve�the�problem�of�knowledge�representa-

tion,�there�are�now�three�representative�research�achievements:�①SemMedDB�of�National�Li-

brary� of� Medicine� (USA)� (Kilicoglu� et� al.,� 2012),� which� transforms� the� free� text� describing�

medical� knowledge� that� can� be� understood� by� human� into� "Subject-Predication-Object"�

(SPO)�triples�that�can�be�understood�easily�by�machine,�and�maps�all�concepts�and�semantic�

relations� involved�in�SPOs�to�the�UMLS�(Universe�Medical�Language�System).�②Nano�publi-

cation�model,� proposed� by� The� Netherlands� Bioinformatics� Centre� (NBIC),� and� here� "nano�

publication"�refers�to�the�smallest�and�machine-readable�publication�unit�with�scientific�sig-

nificance� (Groth� et� al.,� 2010).� ③ Micro� publication� model� proposed� by� Harvard� Medical�

School� (Clark� et� al.,� 2014).�Among� the� three� representations� (or�models)� of�medical� knowl-

edge� described� above,� SPO� Triples� of� SemMedDB� is� the� most� influential� and� most� con-

cerned.� SemMedDB� implements� extraction� and� storage� of� knowledge� units� (SPO� triples)� in�

very�large�scale�(the�latest�version�contains�nearly�100�million�SPO�triples�extracted�from�ab-

stract� of� papers� in� database� of� PubMed),� but� has� the� disadvantage� of� ignoring� or�missing�

most�of�the�meta-knowledge�of�each�SPO�triple.�This�involves�the�second�basic�problem,�the�

representation� of� meta-knowledge.� Here,� meta-knowledge�mainly� refers� to� some� scientific�

judgments�related� to� the�cognitive�state� for�a�given�SPO�triple,� such�as�whether� the�knowl-

edge�represented�by�the�SPO�triple�is�pure�research�hypothesis,�or�the�conclusion�of�new�ex-

periments,�or�even�only�objectively�citing�previous�scientific�assertions�(or�opinions),�etc.�Sci-

entists�usually�express� their�academic�opinions� through�carefully�selected�words� in� the� text,�

or�give�a�more� rigorous�explanation�and�conclusion� for� it.�This� type�of� information�or�clues�

expressed� in� the� text,�which�can�provide� the�certainty� (or�uncertainty)�degree�of� the�knowl-

edge� represented� in�a�SPO� triple,� is� abundant� in� citation� sentences�or� context,� especially� in�

medical� field� (Chen� et� al.,� 2018;� Murray� et� al.,� 2019).� Therefore,� the� representation� of�

meta-knowledge�can�be�considered�starting�from�some�valuable�clue�words� in�citation�sen-

tences�or�context.�By�accurately�identifying�and�extracting�these�clue�words�and�adding�them�

to�their�corresponding�SPO�triples,�a�complete�representation�of�scientific�knowledge�can�be�

formed�and�then�used�for�quantitative�analysis�and�evaluation�of�different�knowledge�units.�

��� Most� researches� on� the� topic� of� knowledge� metrics� heavily� focuses� on� the� field� of�

biomedicine,� and� uncertainty� measurement� of� medical� knowledge� is� particularly� active� a-

mong�them.�For�example,�a�series�of�studies�completed�by�H.�Small�et�al.� (Small�&�Klavans,�

2011;�Small,�2018;�Small�et�al.,�2019;�Small,�2019),�proposed�a�new�method�to�identify�scien-
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tific�breakthroughs�in�scientific�literature�by�combining�co-citation�analysis�and�citation�con-

text,� and� made� empirical� analyses� from� various� aspects� by� the� indicator� of� hedging� rate.�

Here,� "hedging� rate"� is� defined� as� the� proportion� of� citation� sentences� containing� words�

"may",� "could"� or� "might"� in� all� citation� sentences� in� a� paper.� It� is�mainly� used� to� quantify�

the�uncertainty�of�scientific�knowledge�contained�in�different�types�of�papers�and�their�cita-

tion�sentences.

���Besides�these,�the�team�of�Chen�Chaomei�has�also�made�fruitful�findings�on�the�measure-

ment�of�knowledge�uncertainty�in�the�medical�field.�At�the�end�of�2017,�they�published�their�

work———"Representing�Scientific�Knowledge:�The�Role�of�Uncertainty"�(Chen�&�Song,�2017),�

proposed�that�uncertain�information�should�be�regarded�as�the�meta-knowledge�of�scientific�

proposition� (SPO� triples),� and� that�hedging�words� can't� cover� all� aspects�of� knowledge�un-

certainty,�emphasized�that�scientific�knowledge�in�the�state�of�inconsistency,�contradiction�or�

controversy� is� an� important� driving� force� for� the� emergence� of� new� paradigm� or� scientific�

reform.�H.� Small� commented� that� "uncertainty� is� key� to�understanding� the�development�of�

scientific�knowledge",�"opens�up�a�new�area� in� the�study� in�Scientometrics�and� Informetrics�

as�well�as�information�visualization,�namely�the�study�and�measurement�of�uncertainty�of�sci-

entific� knowledge� and� how� uncertainty� is� expressed� in� scientific� texts".� Domestic� scholars�

such�as�Du�Jian�also�regard�knowledge�uncertainty�as�an�important�research�front�(Du,�2019;�

Du,�2020),�and�are�committed�to�promoting�the�development�of�medical�knowledge�metrics.

���Taking�"uncertainty"�as� the�core�of� topic,�our�paper�believes� that�CCA�and� its� corpus�can�

also�make�more�researches�on�domains�knowledge�measurement�or�metrics,�here�are�some�

examples:①analysis�of�spatial-temporal�evolution�of�knowledge� (or�visualization),�combined�

with� the� publication� time� and� authors'� affiliations� (institutions� or� countries/regions� belong�

to,�etc.)�of�papers�associated�with�SPO�triples,�we�can�observe�the�change�(curve)�of�knowl-

edge� uncertainty� from� dimensions� of� time� and/or� space,� and� then�make� judgment� on� the�

maturity,�development�and�evolution,�and�key�turning�points�of�scientific�knowledge�in�given�

triples;②knowledge�interaction�/cross-�analysis,�exploring�the�transformation�relationship�be-

tween� scientific� knowledge� (in� papers)� and� technology� (in� patents),� or� between� scientific�

knowledge�(in�papers)�and��clinical�treatment�(in�patients'�cases).�③construction�and�analysis�

of�meta-knowledge�graph.�Here,� the�meta-knowledge�graph� (MKG)�uses�each�SPO� triple�as�

its�node�and�the�relationship�between�triples�of�SPOi�and�SPOj�as� its�edge,� it�can�be�under-

stood� as� a� new� high-level� knowledge� graph� established� on� the� basis� of� underlying� knowl-

edge�graph,� in�which�each�"S"�or�"O"�represents�different�node�and�each�"P"�as�an�edge�of�

nodes.�In�a�specific�MKG,�the�meaning�of�edge�of�(SPOi,�SPOj)�can�be�defined�by�using�their�

co-occurrence� or� co-citation� relationship� while� taking� the� frequency� of� co-occurrence� or�

strength� of� co-citation� as� its� weight� of� the� edge.� Furthermore,� the� underlying� knowledge�

graph� (composed� by� knowledge� entities� and� their� semantic� relations)� and� its�meta-knowl-

edge� graph� (MKG)� can� be� integrated� to� build� a� two-layer� (or� even� multi-layer)� heteroge-

neous� network.� It� is� very� noteworthy� for� the� feasibility� and� significance� of� information� sci-

ence�for�studying�such�two-layer�(or�multi-layer)�heterogeneous�network�in�the�future.

4 Conclusion

CCA�is�booming�and�developing�rapidly�at�home�and�abroad�during� recent�years.�On�the�

one� hand,� the� large-scale� and� high-quality� corpus� of� citations� is� far� from� being� built� and�

completed�now,�and�the�existing�tools�of�extracting�citation�sentences�can�only�provide�very�
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limited�data�support�for�CCA;�on�the�other�hand,�some�basic�issues,�such�as�the�classification�

of�citation�motivation�and�sentiment,�etc.,�have�not�yet�reached�a�research�consensus,�more�

research� topics� of� CCA� are� waiting� to� be� explored� and� expanded,� which� obviously� fails� to�

promote�and�drive�corpus�construction�at�once.� In� fact,� the�corpus�construction�and�mining�

for�CCA�are�two�intertwined�and�closely�related�issues.�This�paper�only�discussed�them�from�

a�macro� and�holistic� perspective.� In� the� future,� on� the� basis� of� clarifying� basic� concepts� of�

CCA,�it� is�necessary�to�make�more�pragmatic�and�technical�discussion�on�more�detailed�lev-

els�in�close�combination�with�our�research�jobs�supported�by�fund�of�NSFC�in�order�to�pro-

mote�the�continuous�and�in-depth�development�of�citation�analysis�in�open�full-text�era.
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ABSTRACT

Since�the�introduction�of�the�Normalized�Eigenfactor�as�a�journal�influence�factor� in�2009,�there�

has�been� little� research� into�potential� problems�with� this�measure.� In� order� to� explore� and� re-

solve�drawbacks�associated�with� the�Normalized�Eigenfactor,� this�paper�begins�by�proving� that�

the�discriminability�realized�by�this�method�can�be�improved�upon.�By�using�the�JCR2016�math-

ematics� journals� as� an� example,� an� analysis� from� the� perspective� of� the� discriminative� degree�

and�data�distribution� is� performed� to� compare� the� Eigenfactor� Score�with� that� of� the�Normal-

ized� Eigenfactor.� This� is� done� using� the�Median�Maximum�Value� Ratio,� High� Score� Ratio,� Low�

Score� Ratio,� Passing�Rate,�Discrete� Coefficient,�HHI� and� Jarque-Bera� Test� values.� The� results� of�

the�study�show�that� the�Normalized�Eigenfactor�had� little�effect�on�the�discrimination�and�data�

distribution�over� the�Eigenfactor.�As� such,� the�published�accuracy�of� Eigenfactor� Scores� is�mis-

leading�in�claims�that�the�Normalized�Eigenfactor�can� improve�the�discriminating�degree.� In�re-

ality,� it� only�becomes� significant�when�magnifying� the�mean� value�of� the� Eigenfactor� Score� by�

more� than� 100� times.� The� Normalized� Eigenfactor� is� a� nonlinear� transformation,� and� it� will�

slightly� degrade� the� information� captured� by� the� Eigenfactor� Score.� When� the� Normalized�

Eigenfactor� is�converted,� the�numerator� is� the� journal's�Eigenfactor�Score,�and�the�denominator�

is�derived�from�other�journals'�Eigenfactors;�therefore,�the�scale�of�the�measurement�is�not�fixed�

and� is� at� odds�with� the� basic� principle� of�measurement.� Furthermore,� the� divergence� between�

indicator�values�and�evaluation�attributes�of�the�Normalized�Eigenfactor�manifests�as�data�distri-

bution�bias,�a�low�Pass�Rate,�and�low�sub-area�data�congestion.�On�this�basis,�this�paper�propos-

es�to�replace�the�Normalized�Eigenfactor�with�the�Logarithmic�Eigenfactor.

KEYWORDS

Eigenfactor� Score;� Normalized� Eigenfactor;� Logarithmic� Eigenfactor;� Discrimination;� Data� Distribu-

tion;�Journal�Influence�Factor
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1 Introduction and Motivation

The�Normalized�Eigenfactor�and�the�Eigenfactor�are�very�close�in�nature.�The�latter�was�in-

troduced� as� a� bibliometric� indicator� by� Bergstrom� et� al.� (2008).� It� works� to� compare� the�

weights�of�scholarly� journals�by�constructing�a�citation�network�and�drawing�on�the�PageR-

ank� algorithm� to� evaluate� the� influence� of� each.� The� calculation� spans� up� to� 5� years� and�

avoids�bias�by�excluding�the� influence�of�self-citing.� In�2009,� Journal�Citation�Reports�main-

tained�by�Thomson�Reuters�began�to�use�the�two�indicators:�Eigenfactor�Score�(ES)�and�Arti-

cle� Influence� Score� (AIS).� These� are� collectively� referred� to� as� the� Eigenfactor,� and� are� two�

important�bibliometric� indicators�after� the� Impact�Factor� (IF).� In�2015,� JCR� released� the�Nor
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malized�Eigenfactor�(NE),�which�expresses�a�relationship�between�the�Eigenfactor�and�the�av-

erage�value�for�other�journals�in�the�same�discipline.�For�example,�an�EF�score�of�2�for�a�jour-

nal�means�that�it�is�twice�as�influential�as�the�average�journal�in�the�JCR.

���It�is�of�great�significance�to�study�the�characteristics�of�the�Normalized�Eigenfactor�and�its�

possible�problems.�Since� the�publication�of� the�Normalized�Eigenfactor,� the�academic�com-

munity�has�been�focused�on�its�relationship�with�other�bibliometric�indicators,�and�has�done�

less�research�on�the�relationship�between�the�Normalized�Eigenfactor�and�Eigenfactor�Score.�

Further�work�in�this�area�will�help�to�deepen�the�understanding�and�application�of�the�Eigen-

factor�Score�in�academic�journal�evaluation.�Specifically,�comparing�their�discriminative�abili-

ty�and�data�distribution,�analyzing�their�advantages�and�disadvantages,�and�working�towards�

resolving�problems.

��� The� characteristics� of� the� Eigenfactor� score� are� of� great� academic� research� value.�

Franceschet� (2010)� proposed� 10� reasons� in� advocating� the� use� of� the� Eigenfactor�method.�

He�believes�that�it�has�a�solid�mathematical�background,�a�well-founded�basis�of�axioms,�and�

an� interesting� probabilistic� interpretation.� In� summary,�Massimo� believes� that� it� provides� a�

compelling�measure�of� journal�status�and�shares�meaningful� relationships�with�other�biblio-

metric� indicators.�Ernesto�et�al.� (2018)�studied�the�Radiology,�Nuclear�Medicine�and�Medical�

Imaging�journals�and�found�that�the�Eigenfactor�Score�(ES),�the�Article� Influence�Score�(AIS),�

the�cited�half-life,�and� the�5-year� impact� factor�were� four�significant�predictors�of�2-year-a-

head�total�citations.�Rousseau�&�Stimulate� (2009)�studied�165medical� journals�and�conclud-

ed�that� the� correlation� between� the� h-index� and� Eigenfactor� score� was� strong.� This� was�

judged�on� the� Pearson� coefficient,�which� between� them� reached� as� high� as� 0.951.� The� au-

thors�went�on�discuss�the�feasibility�of�using�ES�as�an�alternative� to� the�Web�of�Science� for�

evaluating� scientific� journals.� Shideler� &� Araújo� (2016)� examined� three� different� scientific�

fields� (aquatic�science,�sociology,�and� immunology),�and�believed�that� the�Eigenfactor�score�

was�the�best�indicator�for�the�annual�advertised�subscription�price�for�sociology�journals.�Of�

interest,� they� also� felt� that� differences�may� vary� according� to� disciplines.� The� empirical� re-

search�showed�that�there�was�a�high�correlation�between�the�journal's�Eigenfactor,� the�Arti-

cle�Influence�score,�and�the�total�citations.

���Although�the�Eigenfactor�score�is�in�widespread�use,�there�exist�certain�problems�with�the�

measure.�Davis� (2008)� found� that� for�periodical�groups�with� relatively� low�overall� influence,�

the�difference� in� Eigenfactor� between� consecutively� ranked� journals� is� smaller,� and� the� de-

gree�of�dispersion� is� lower.�Because� the�data� for�Eigenfactor� calculations� is�often� restricted,�

the� accuracy� of� the� calculation� is� difficult� to� test.� Based� on� the� relationship� between� the�

Eigenfactor�indicator,�the�audience�factor,�and�the�influence�weight�indicator,�Waltman�&�Eck�

(2010)�pointed�out� that� the� three� indicators�are� insensitive� to� field�differences�with� low� im-

pact.�In�essence,�this�is�because�the�Eigenfactor�Score�indicator�does�not�adequately�discrim-

inate� appropriately� for� journals�with� lower� participation.� Ren� (2009)� has� pointed� out� that� a�

low�Eigenfactor�Score�and�a� low�degree�of�dispersion�are�common� for� low-impact� journals.�

Measured� in� 13� low-influence� journals� among� 76� SCI� journals� in� China,� the� ES� begins� to�

show�a�difference�in�the�4th�digit�after�the�decimal�point.�Also,�there�exist�many�journals�that�

appear�to�have�heavy�values.

��� From�extant� research�we� see� that� the�principle� and� the� characteristics� of� the� Eigenfactor�

Score�is�relatively�mature,�although�the�primary�focus�has�been�on�the�relationship�between�

ES�and�other�bibliometric�indicators,�as�well�as�on�the�application�of�ES.�Given�that�the�Nor-

malized� Eigenfactor�was�only� launched� in� 2015,� it� is� a� relatively� new�bibliometric� indicator;�
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the�corresponding�research�is�still�in�its�infancy.�This�article�focuses�on�the�following�aspects:

Firstly,�does� the�Normalized�Eigenfactor� improve�discrimination�of� the� Eigenfactor� Score,� in�

particular�for�cases�of�low-partition�journals?�If�so,�can�we�provide�a�proof?

���Secondly,�since�the�Normalized�Eigenfactor� is�based�on�the�Eigenfactor�Score,� it� is� impor-

tant�to�understand�the�characteristics�and�consequences�of�this�conversion.�Specifically,�what�

is�the�relationship�between�the�Normalized�Eigenfactor�and�the�Eigenfactor�Score?

��� Thirdly,� we� seek� to� establish� the� difference� in� discriminative� ability� and� data� distribution�

between� the�Normalized�Eigenfactor�and� the�Eigenfactor� score.� Is� this� improvement� signifi-

cant?�How�does�this�affect�the�evaluation�of�scholarly�journals?

���Fourthly,�given�that�the�Normalized�Eigenfactor�is�an�indicator�that�reflects�the�influence�of�

an�academic� journal�on�a�deep�level,�then,�can�it�accurately�suggest�the� journals'�natural� in-

fluence�and�gap?�If�not,�how�should�it�be�optimized?

���Based�on�the�theoretical�analysis,�this�article�takes�the�mathematics�journals�in�JCR2016�as�

an�example.�We�focus�on�the�comparison�between�the�Normalized�Eigenfactor�and�Eigenfac-

tor�in�terms�of�correlation,�discrimination,�and�data�distribution.� In�addition,�we�make�an�ef-

fort�to�further�analyze�problems�and�possible�solutions�with�respect�to�the�former.

2 Research methods

2.1 Calculation of the Normalized Eigenfactor

Assume�that�there�are�n�academic�journals�in�a�subject,�and�x

m

�is�the�Eigenfactor�score�for�
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th
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�The�Normalized�Eigenfactor�ym� is�equal� to� the�mean�value�of�Eigenfactor� xm,�divided�by�

the�scores�of�other�journals�in�the�same�discipline.

2.2 Proof of increasing the discrimination of the Normalized Eigenfactor

Assume�that�p�and�q�represent�two�academic� journals�having�Eigenfactor�scores�of�x

p

�and�

x

q

,�and�Normalized�Eigenfactor�scores�of�y

p

�and�y
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,�respectively.�For�convenience,�we�assume�

the�Eigenfactor�includes�all�journals�except�for�p�and�q.�The�sum�of�scores�is�A.
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>1.� If�we�can�prove�that�the�ratio�of�Normalized�Eigenfactor� is�greater�than�the�ratio�of�
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)�>0,� then�we�can�be�confident� that� the�discrimination�

has�improved�after�the�Eigenfactor�score�is�converted�to�a�Normalized�Eigenfactor.

�According�to�formula�(1):
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Thus,�we�have�proved� that�Normalized�Eigenfactor� can� improve� the�discrimination�of� the�

Eigenfactor.� Furthermore,�we� draw� the� corollary� that� the� ranking� results� of� the�Normalized�

Eigenfactor�are�consistent�with�the�ranking�of�the�Eigenfactor.

2.3 The impact of Normalized Eigenfactor conversion in journal influence e鄄

valuation

To�begin�with,� the�conversion�of�Eigenfactor�Score� into�Normalized�Eigenfactor� improves�

the� discrimination,� consequently� widening� the� gap� of� Eigenfactors.� This� has� been� proved�

theoretically,� although�empirical� testing� is� required� in�order� to�determine� the�degree�of� ef-

fect�this�has,�and�importantly,�whether�the�discrimination�is�significant.

��� It� is� important� to� remember� that� converting� the� Eigenfactor� Score� to� the� Normalized�

Eigenfactor�is�a�nonlinear�transformation�that�will�destroy�the�linear�relationship�between�the�

original�data�and�the�target�data.�As�such,� there� is�a�certain�degree�of� information� loss�and�

this�needs� to�be�evaluated.�The�most�commonly�used�method� is� to�use� scatter�plots� to�ex-

amine�and�compare�the�correlation�coefficients.

���Furthermore,� the�nonlinear� transformation�destroys� the�original�data�distribution.�This� re-

quires�that�it�also�be�analyzed�from�this�perspective�to�assess�the�repercussions.

2.4 Research Methods

1) Methods�of�comparing�the�discrimination

��� Two� common� discrimination�methods� are� the� discrete� coefficient� and� the�median�maxi-

mum�ratio.�We�introduce�these�methods�for�use�in�the�comprehensive�evaluation�of�the�fol-

lowing�attributes:�High�score�ratio,�Low�score�ratio,�and�HHI�(Herfindahl-Hirschman�Index).

The�High�score�ratio�is�the�proportion�of�the�total�of�the�Normalized�Eigenfactors�among�the�

top�20%�of� journals,� to�that�of�all� journals'�Normalized�Eigenfactors.�Similarly,� the� low�score�

ratio�is�proportion�of�the�sum�of�Normalized�Eigenfactors�among�those�in�the�lowest�20%�of�

journals.

���The�HHI�is�a�measure�of�concentration�created�by�Hirschman�(1968)�to�detect�monopolies�

by�means�of�determining�market�competitiveness.�In�the�domain�of�journal�influence�factors,�

it�is�used�indicate�the�degree�of�discrimination,�where�a�larger�value�means�it�is�less�balanced�

and�has�a�lower�degree.�The�HHI�of�a�Normalized�Eigenfactor�is�the�sum�of�the�squares�of�all�

journals'�Normalized�Eigenfactors.�The�formula�is�as�follows:
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���2) Methods�of�comparing�data�distribution

���Many�researchers�have�found�inherent�bias�in�the�methods�used�to�evaluate�scholarly�jour-

nals.�Vinkler� (2009)�proved� the� right-skewed�nature�of� the�distribution�of� citations.� The� au-

thor� believed� that� papers� published� in� journals�with� a� higher� impact� factor�merely� provide�

the�possibility�of�obtaining�many�citations.� It� is� unreasonable� to�use� this� as� a�measure�of� a�

journal's� influence,� and� thus� results� in� a� large� bias� in� terms� of� determining� its� actual� influ-

ence.�Seglen�(1992)�found�that�the�distribution�of�citation�analysis� is�a� typical�skewed�distri-

bution,� which� does� not� obey� the� normal� distribution� and� has� a� power� law� characteristic.�

Adler� et� al.� (2009)� believed� that� the� sole� reliance�on� citation�data�provides� and� incomplete�

picture.� They� outline� and� provide� examples� where� journals� that� contain� longer� papers� get�

more� citations.� According� to� the� power� law,� the� distribution� of� citation� data� is� usually�

right-skewed.
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A�data�distribution� test,� sometimes� referred� to� as� a�goodness-of-fit� test,� checks� to� see� if�

the�data�matches�a�normal�distribution.�A�common�method� for� this� is� the� Jarque-Bera� test.�

Although� many� bibliometric� indicators� do� not� follow� a� normal� distribution,� the� p-value� is�

usually� very� low� so� it� is� difficult� to� compare.� Alternatively,� the� size� of� the� Jarque-Bera� test�

value�can�be�used�to�determine�the�skew�in�data�distribution�is�more�severe�or�be�optimized�

when�the�Eigenfactor�Score�convert�to�Normalized�Eigenfactor.

3 Empirical research results

3.1 Research data

This�paper�uses� the�mathematics� journals� listed� in� JCR�2016�as�a�basis� for� study.� This� in-

cludes�12�main� indicators:�Total�Cites,� Journal� Impact� Factor,� Impact� Factor�without� Journal�

Self�Cites,� Impact� factor,� Immediacy� Index,�Average� Journal� Impact�Factor�Percentile,�5-Year�

Impact� Factor,� Eigenfactor� Score,� Normalized� Eigenfactor,� Article� Influence� Score,� Cited�

Half-Life,�and�Citing�Half-life.�This�paper�focuses�on�the�analysis�of�the�relationship�between�

the�Eigenfactor�Score� (ES)�and�the�Normalized�Eigenfactor� (NE).�There�are�a� total�of�310JCR�

2016�mathematics�journals�as�the�data�source.

3.2 Comparison of discrimination and data distribution

Comparison�between�Eigenfactor�and�Normalized�Eigenfactor�is�shown�in�Table�1.�The�Me-

dian�Maximum�Ratio,� High� Score� Ratio,� Low� Score� Ratio,� Passing� rate,� Discrete� Coefficient,�

and�HHI�of�Eigenfactors�and�Normalized�Eigenfactors�are�all�relatively�close.�In�fact,�they�are�

all�the�same�after�the�decimal�point,�which�indicates�that�the�Normalized�Eigenfactor�has�lit-

tle�effect�on� improving�data�discrimination�and�distribution.�On�average,� the�mean�value�of�

Normalized�Eigenfactor�is�0.264285,�and�the�mean�value�of�Eigenfactor�Score�is�0.002305.�By�

observation�we�see�that�the�Normalized�Eigenfactor�is�simply�the�Eigenfactor�score�amplified�

by�114.66.�

Table 1 Comparison�between�Eigenfactor�and�Normalized�Eigenfactor

Mean 0.004449 0.509824

Median 0.002305 0.264285

Maximum 0.049840 5.711670

Minimum 0.000060 0.007160

Std. Dev. 0.006515 0.746535

Median / Maximum 0.046248 0.046271

High score ratio 0.619839 0.619837

Low scoreratio 0.030801 0.030806

Passing Rate 1.91％ 1.91％

Discrete Coefficient 1.464374 1.464299

HHI 0.010120 0.010120

Skewness 3.753054 3.753124

Kurtosis 20.249680 20.250300

Jarque-Bera 4571.119000 4571.423000

Probability 0.000000 0.000000
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The�scatter�plots�of�NE�and�ES�are�shown�in�Fig.�1.�It�is�clear�that�the�plot�depicts�almost�a�

straight� line,�where�the�correlation�coefficient� is�1.000000.�The�means�they�are�highly�corre-

lated�and�almost�homogenous.

��

Figure 1 Scatter�plots�of�Normalized�versus�standard�Eigenfactor�Scores

�� From� the� results�we�see� that�when� the�ES�values�are� accurate� to�5�decimal�places,� there�

are�69�cases�where� the�values�of� journals�are� the� same.�Comparatively,�when� the�NE�values�

are� accurate� to� 5� decimal� places,� the� values� of� all� journals� are� different.� This� suggests� that�

the�degree�of�discrimination�has�increased�significantly.

���The�mechanism�for�improving�the�low�segment�discrimination�of�the�Normalized�Eigenfac-

tor�should�be�made�clear�by� the� following� three�aspects:� First,�when� the�Eigenfactor�Scores�

are� not� equal,� the� Normalized� Eigenfactors� can� definitely� improve� the� discrimination.� This�

point�has�been�proven�within�this�paper.�Second,�when�the�Eigenfactor�Scores�are�equal,�the�

Normalized� Eigenfactors�must� be� equal.� Third,� when� the� Eigenfactor� Scores� are� equivalent�

and�the�Normalized�Eigenfactor�Scores�are�not�equal,� the�true�reason�for�the�discrepancy� is�

the�increase�in�accuracy�of�the�published�score.�Simply�put,�the�precision�relied�upon�by�the�

JCR�is�insufficient.�At�present,�only�five�digits�after�the�decimal�point�are�presented.�If�instead�

this�were�increased�to�perhaps�the�6th�or�7th�decimal�place,�the�Eigenfactor�Score�will�reflect�

the�difference.�Ultimately,�the�degree�of�discrimination�will�increase.

���To�summarize,� the�Normalized�Eigenfactor�transforms�the�Eigenfactor�to�enhance� the�de-

gree� of� discrimination.� The�mean� value� of� the� Normalized� Eigenfactor� is� 114.66� times� the�

mean�of�Eigenfactor�score,�and�thus�the�difference�is�reflected�in�5�decimal�places.�Since�the�

score�of�the�Eigenfactor�is�only�published�to�the�5th�decimal�place,�the�discriminative�degree�

cannot� be� realized.� If� the� score�of� the� low-partition�periodical� is� equal,� in� fact,� it� would� be�

necessary�to�publish�up�to�and�beyond�the�7th�decimal�point.

���A�very� important�reason�for�the�proposal�of�the�Normalized�Eigenfactor� is� to� increase�the�

discrimination� for� journals�with� a� low�partition.�However,� in� summary� analysis,� the� increase�

to�this�degree�of�discrimination� is�not�borne�by�the�contribution�of�Normalized�Eigenfactor.�
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Rather,� simply�multiplying� the� Eigenfactor� Scores� by� 100x,� or� even� 1000x�would� achieve� at�

least�the�same�results.

4 Problems with Possible Improvements with the Normalized

Eigenfactor

4.1 Further discussion on the Normalized Eigenfactor

The�Normalized�Eigenfactor�is�debatable,�after�all,�since�its�conversion�is�a�nonlinear�trans-

formation.�Although�the�information�conveyed�by�the�Eigenfactor�Score�is�generally�not�sac-

rificed,�there�is�actually�no�improvement,�or�effective�gain,�when�using�the�new�measure.�This�

is�the�case�not�only�in�discriminative�capability,�but�also�with�respect�to�the�data�distribution.�

Therefore,�it�is�our�opinion�that�converting�the�Eigenfactor�Score�into�a�Normalized�Eigenfac-

tor�is�of�little�practical�use.

��� In�addition,�since�the�denominator�of� the�Normalized�Eigenfactor�conversion� is� the�"aver-

age� impact� factor�of�all�other� journals",� for�each� journal,� the�average�value� is�not� the�same.�

Given�that�the�Normalized�Eigenfactor� is�supposed�to�be�a�measure�of� journal� impact,�does�

it�makes�sense�that�the�scale�can�change?�Is�it�still�a�good�ruler?�We�do�not�think�so.

���Due�to�the�reasons�above,�we�feel�that�there�is�insufficient�reason�to�convert�the�Eigenfac-

tor�Score�into�a�Normalized�Eigenfactor.

���Research� indicates� that� the�data�distribution� for� the�Normalized�Eigenfactor� is� heavily�bi-

ased.�In�mathematics�journals,�such�as�"ADVANCES�IN�MATHEMATICS",�the�highest�Normal-

ized�Eigenfactor� is�5.71167.�This� is�significant�given�that�a�perfect�score� is�100�points,�and�a�

passing�score� is�60.� In�our� investigation�we� found�that� there�are�only�5� journals�of� the�310,�

which�account� for� 1.61%�of� all� journals.�A� result�of� this� type� tends� to� suggest� that� there� is�

something�drastically�wrong�with�the�approach.�From�the�perspective�of�median,�the�median�

maximum�ratio�is�0.046271.�That�is,�in�the�case�of�a�full�score�of�100,�half�of�the�journals,� i.e.�

155,� scored�below�4.63�points.� It� seems� the�most� likely� explanation� is�due� to� a�biased�data�

distribution.

���The�Normalized�Eigenfactor�suffers�from�bias�related�to�the�difference�between�the�evalua-

tion�value�and�its�attribute.�We�suggest�that�this�bias� is�only�a�superficial�phenomenon.�The�

Normalized�Eigenfactor�essentially�reflects�the�influence�attribute�of�academic�journals.�In�the�

evaluation�of� this�material,� influence� indicators�should�be�close� to�a�normal�distribution�ex-

cept�in�cases�of�major�or�original�innovations.�Clearly,�in�situations�like�this,�there�should�be�a�

serious�bias�distribution.�At�present,�there�are�few�attributes�that�reflect�major�or�original�in-

novations� in�the�bibliometric� indicators.�More�often,� there�are� indicators� to� reflect� influence�

and� timeliness.� Consider� the� following� example:� When� the� Normalized� Eigenfactor� of� the�

Journal�A�is�300�times�of�the�Journal�B,� it�does�not�mean�that�the�influence�of�the�Journal�A�

is�300�times�that�of� the�second� journal.�This� is�drastically�exaggerated.�From�our� research� it�

seems�that�editors�can�accept�that�the�Normalized�Eigenfactor�of� their�own� journal� is�1/300�

of�that�of�a�good�journal,�but�they�cannot�accept�that�their�journal�is�1/300�of�the�impact�of�

a�good�journal.�It�simply�does�not�translate�accordingly.�Furthermore,�the�distribution�of�data�

based�on�the�Normalized�Eigenfactor�should�be�much�closer�to�a�normal�distribution.

���The�divergence�between�the�evaluation�value�and�the�evaluation�attribute�is�not�unique�to�

the�Normalized�Eigenfactor;�the�Eigenfactor�Score�and�other�bibliometric�indicators�also�suf-

fer�from�similar�drawbacks.
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4.2 Further Improvements to the Normalized Eigenfactor

According�to�the�above�analysis,�the�advantage�of�the�Normalized�Eigenfactor�is�that�it�can�

increase� the� degree� of� discrimination,� albeit� the� level� of� improvement� is� almost� negligible.�

There�are� four�disadvantages.�Firstly,� the�conversion�of� the�Eigenfactor� score� to�Normalized�

Eigenfactor� is� a� nonlinear� transformation,� and� consequently� the� information� will� degrade�

slightly.�Secondly,�also�during�the�transformation,�there�is�a�phenomenon�that�the�"measure-

ment�scale"�is�not�uniform.�Thirdly,�the�increase�in�Eigenfactor�score�to�Normalized�Eigenfac-

tor�is�an�illusion.�Essentially,�it�is�possible�to�achieve�the�same�result�simply�by�increasing�the�

accuracy�of�published�Eigenfactor�scores.�Finally,�there�is�a�notable�difference�between�the�e-

valuation�value�and�the�evaluation�attribute�of�Normalized�Eigenfactor.

4.2.1 Introducing the Logarithmic Eigenfactor

Due�to�the�above�problems,�we�feel� that� it� is�necessary�to�modify�or�replace� the�Normal-

ized�Eigenfactor�to�better�reflect�a� journal's� influence.� In� this�paper,�we� introduce� the�Loga-

rithmic� Eigenfactor,� which� uses� the� natural� Logarithmic� scale� to� convert� the� Eigenfactor�

Score.�This�method�has�precedent� and� is�used� to� calculate� the�population�development� in-

dex�in�the�United�Nations�Development�Programme.�In�this�domain,�the�national�income�in-

dex� reflects� the�diminishing�marginal� utility� per� each� dollar� increase� in� income� and� human�

development.�The� linear,�dimensionless�method� is� then�used� to�obtain� the�national� income�

index� (UNDP,� 2014).� Taking� the� natural� Logarithm� is� a� nonlinear� transformation,�which� can�

effectively�reduce�the�gap�between�the�evaluation�objects.�Furthermore,�it�will�result�in�a�data�

distribution�closer�to�a�normal�distribution.

���Since�ES�is�usually�very�small�and�ln()�is�negative,�in�this�paper,�we�use�the�following�modi-

fied�positive�number:�

LE=｜int{min[ln(X)]}｜+ln(X) (6)

���Where�is�X�is�the�Eigenfactor�Score,�int(),�ln()�and�min(),�denote�the�integer�component,�the�

Logarithmic� function�and�the�minimum�of�X� respectively.�We�call� LE� the�Logarithmic�Eigen-

factor.

4.3 Logarithmic Eigenfactor analysis

The�Notice� that� here,� the� indentation� is� inconsistent.� Please� correct� this� and� standardize�

the� formatting� before�making� your� final� submission� to� the� journal� discrimination� and� data�

distribution� between� the� Eigenfactor� and� the� Logarithmic� Eigenfactor� is� shown� in� Table� 2.�

The�median�maximal� value� ratio� of� the� LE� is� 0.561,� indicating� that� the�median� is� still� at� a�

slightly� lower� position.� This� represents� a� significant� improvement�over� the� ES� (0.046).� From�

the�perspective�of�the�Discrete�Coefficient,�the�ES�is�1.464,�while�the�LE�is�the�greatly�reduced�

value� of� 0.261.� The� lower� value� indicates� that� the� data� is�more� uniform� and� the� degree� of�

discrimination�has�improved.�The�High�Score�Ratio�of�ES�is�0.619,�and�that�of�the�LE�is�0.277.�

This�means� that� the�LE�decreases� the�high�score� journal�value�and� further�unifies� the�distri-

bution.� The� low� score� of� ES� is� 0.031,� while� the� low� score� of� the� LE� shows� improvement� at�

0.131.�With� respect� to� the�Passing�Rate,� the� ES� is�only�1.61%,�while� the� LE� reports� 40.19%.�

This� is�an� important�advancement� that�more�accurately� represents� the� true� influence�of� the�

journal.
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Table 2 Comparison�of�Eigenfactor�versus�Logarithmic�Eigenfactor

� As�we� have� discussed,� the� Eigenfactor� Score� does� not� obey� the� normal� distribution.� The�

Jarque-Bera� test,�however,�calculates� the�value�of� the�LE�at�4.831,�and� the�p�value�as�0.089,�

which�rejects�the�null�hypothesis�of�a�non-normal�distribution�and�shows�that�the�LE�does,�in�

fact,�obey�one.�Figures�2�and�3�illustrate�more�vividly�the�improvement�of�the�distribution�af-

ter�the�conversion�from�ES�to�LE.

���In�comparing�the�Logarithmic�Eigenfactor�to�the�Normalized�Eigenfactor,� it� is�clear�that�LE�

is�superior� in�evaluating�a� journal's� influence.� In�terms�of� linearity,�LE� is,� indeed,�also�a�non-

linear� transformation.� However,� LE� is� fundamentally� different� from�NE.� The� purpose� of� the�

nonlinear�transformation�for�LE� is�to�make�ES�more�representative�of�the�journal's� influence.�

Ideally,�the�relationship�between�the�evaluation�indicator�value�and�the�evaluation�attribute�is�

consistent.�While�the�goal�of�NE�is�to�improve�the�degree�of�discrimination,�in�reality�it�does�

not�do�so�adequately.�According�to�our�research�it�would�be�easier�to�simply�magnify�ES�by�

100�times,�and�enjoy�similar�results.

Figure 2 Data�distribution�of�Eigenfactor�Scores

Mean 0.004449 3.999

Median 0.002305 3.927

Maximum 0.049840 7.001

Minimum 0.000060 0.279

Std. Dev. 0.006515 1.042

Median / Maximum 0.046248 0.561

High Score Ratio 0.619839 0.277

Low Score Ratio 0.030801 0.131

Passing Rate 1.61% 40.19%

Discrete Coefficient 1.464374 0.261

HHI 0.010120 0.003

Skewness 3.753054 0.219

Kurtosis 20.249680 3.427

Jarque-Bera 4571.119000 4.831

Probability 0.000000 0.089
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Figure 3 Data�distribution�of�Logarithmic�Eigenfactors

5 Research Conclusions

1) The Normalized Eigenfactor has little effect on the discrimination and data distribution

of the Eigenfactor

This� paper� uses� the�mathematics� journals� in� JCR2016� as� an� example� to� comprehensively�

compare�Eigenfactor�Scores�and�the�Normalized�Eigenfactor�using�the�Median�Maximum�Ra-

tio,� High� Score� Ratio,� Low� Score� Ratio,� Passing� Rate,� Discrete� Coefficient,� HHI,� and� Jar-

que-Bera�Test.�The�results�of�the�study�show�that�Normalized�Eigenfactor�had�little�effect�on�

either�the�discriminate�ability�or�the�distribution�of�data�of�the�Eigenfactor.

� 2) The published accuracy of the Normalized Eigenfactor is misleading in that it may

cause people to believe that it will improve the discrimination

This� paper� proves� that� the� Normalized� Eigenfactor� can� improve� the� discrimination� of�

Eigenfactor� Scores� in� the� low-partition�of� journals,� but� empirical� research� shows� that� it� has�

little�improvement.�The�main�reason�is�that�the�Normalized�Eigenfactor�is�equivalent�to�mag-

nifying� the�mean� value� of� Eigenfactor� Score� by�more� than� 100� times.� Therefore,� when� the�

decimal�point�is�accurate�to�5�digits,�it�can�reflect�the�difference�in�less�influential�journals.�At�

the�same�time,�however,�the�Eigenfactor�Score�cannot�highlight�the�gaps�in�the�low-partition�

regions.�This�turns�one's�attention�to�the�low�degree�of�discrimination�offered�by�NE.�It�is�im-

portant�to�remember�that�the�same�discriminative�ability�can�be�obtained�by� increasing� the�

precision�of� the�Eigenfactor�Score�to7�decimal�places,�or�simply�by�amplifying�the�Eigenfac-

tor�Score�by�100x�or�1000x.

� 3) There are theoretical and practical defects in the Normalized Eigenfactor

There�are�two�theoretical� flaws� in� the�Normalized�Eigenfactor.�First,� the�conversion�of� the�

Eigenfactor� Score� to� the�Normalized� Eigenfactor� is� a� nonlinear� transformation.� This� causes�

the�loss�of�some�information�implicit�in�ES,�although�it�is�relatively�minor.�Second,�when�ES�is�

converted�into�NE,�the�denominator�is�the�mean�of�other�journals'�Eigenfactors.�Because�this�

changes�dynamically�-�that�is,�the�scale�of�the�measurement�is�not�fixed�-�it�violates�the�basic�

principle�of�measurement.

���From�a�practical�point�of�view,�there�are�also�two�major�disadvantages.�The�first�is�that�the���

Normalized� Eigenfactor� has� neither� effectively� improved� the� discrimination� of� Eigenfactor�

Scores� in�the� low�partitions,�nor�changed�the�data�distribution.�What� it�has�actually�done� is�

performed�a� "data�amplification".�As� such,� rather� than�use� the�Normalized�Eigenfactor,� it� is�
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more�straightforward�to�simply�amplify�the�Eigenfactor�Score�accordingly.�Secondly,�the�Nor-

malized�Eigenfactor�reflects�citations�of� journals�on�the�surface.�Essentially,� it�reports�the� in-

fluence�of�journals,�but�fails�with�respect�to�identifying�gaps�because�it�does�not�obey�a�nor-

mal�distribution�of�data.�In�other�words,�there� is�significant�difference�between�the�indicator�

values�and�the�evaluation�attributes�when�using�the�Normalized�Eigenfactor.

���4) The Logarithmic Eigenfactor is a better indicator

Logarithmic�conversion�of�the�Eigenfactor�Score�into�a�Logarithmic�Eigenfactor�greatly�im-

proves� the�discriminative�ability,�as�well� as�data�bias.�This� study� found� that� the�Logarithmic�

Eigenfactors�for�JCR2016�mathematics�journals�are�normally�distributed�and�more�consistent�

with�the�public�perception�pertaining�to�the�journal�in�question.�Additionally,�the�distribution�

of� journal� influence� is�closer� to�normal,�which� intuitively�makes�more� sense.�All� things�con-

sidered,�we� feel� it� is� necessary� to� replace� the�Normalized� Eigenfactor�with� the� Logarithmic�

Eigenfactor.� To� study� the�bibliometric� indicators,�we�must� analyze� not� only� the�data�of� the�

indicators� themselves,� but� also� to� keep� the� larger� picture� in�mind� and� consider� the� results�

from�the�perspective�of�the�nature�of�the�indicators.

���5) The Logarithmic Eigenfactors of journals in other disciplines need further study

As�noted,�above,�our�empirical�study�was�completed�using�a�subset�of�journals�in�JCR2016.�

Our�source�was�comprised�solely�of�mathematical�journals,�and�we�are�cognizant�of�the�fact�

that�differences� in�discipline�may�change�LE's�degree�of�discriminant�ability,�or� the�distribu-

tion�of�data� from�normal,�or�both.�This� recognition�warrants� further� study,�and�as� such,�we�

feel�that�exploration�through�the�empirical�testing�using�journals�in�other�fields�is�an�impor-

tant�topic�of�future�research.
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