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ABSTRACT

The�value�of�big�data�in�science�of�science�for�knowledge�discovery�is�that� it�can�reveal�deeper�

information�and�knowledge,� promote� knowledge� integration� in� the�whole�process�of� scientific�

research,� guide� interdisciplinary� integration,� and� provide� new� ideas� and� new� methods� for�

knowledge�discovery�research.�This�paper�discusses�the�value�and�role�of�big�data�in�science�of�

science� in�� knowledge� discovery� from� five� aspects,� including� exploring� the� laws� of� scientific�

research,� revealing� scientific� structure,� analyzing� scientific� research� activities,� supporting�

technical�recognition�and�prediction,�and�serving�science�and�technology�evaluation.
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Nowadays,� the� scientific� community� is� an� extremely� large� and� highly� connected� internal�

complex� ecosystem.� A� large� number� of� achievements,� personnel,� institutions,� countries,�

fields�and�other�information�intertwined,�attracting�more�and�more�scientists�from�computer�

science,�social�science�into�the�field�of�science�of�science.�They�carry�out�knowledge�discov-

ery�research�by�using�big�data� in�science�of�science.� In�recent�years,�with�the�rapid�progress�

of�digital�technology�and�the�accelerated�evolution�of�digital� industrialization,�data�becomes�

richer,�diverse�and�easier�to�be�analyzed,�and�big�data�as�a�factor�of�production�has�become�

increasingly�distinctive� (Chen�et�al.,�2021).�The�digital�degree�of� information�about� scientific�

research� activities,� scientific� research� behavior� and� scientific� research� achievements� is� con-

stantly� improving,�and�the�accessibility�of�structured�digital� information�with� in-depth� index�

is�increasingly�improved,�so�more�and�more�data�analysis�tools�can�be�used�(Fortunato�et�al.,�

2018).� It�provides�more�dimensions� for� scientific� research,�makes� it� possible� to� reveal�more�

potential� information�and� release�deep�knowledge,�and�gives�a�broader�perspective� for�un-

derstanding�scientific�laws.�Science�of�science�is�a�discipline�that�reveals�the�process�of�scien-

tific�discovery�and�the�law�of�scientific�activities�from�different�spatial�and�time�scales.� It�can�

analyze� the� scientific� structure,� predict� the� trend� of� science� and� technology,� discover� the�

frontier� of� science,� and� serve� the� formulation� of� science� and� technology� policies,� strategic�

planning�and�deployment,�science�and�technology�management�and�related�social�problems.�
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Big�data�in�science�of�science�is�a�general�term�for�data�used�in�science�of�science�research.�It�

is�a�data�collection�characterized�by�large�capacity,�multiple�types,�and�high�value,�which�in-

cludes�scientific�and�technological�literature�data�such�as�funds,�papers�and�patents,�network�

relationship�data�such�as�cooperation,�citation�and�flow�of�scientific�research�subjects,�as�well�

as�scholar�background�data,� scientific� research�behavior� information,� scientific� research� tool�

software�data,�scientific�research�new�media�data,�etc�(Chen�&�Cao,�2020).

���Science�of�science�is�able�to�reveal�the�interactions�between�scientific�subjects�of�different�

spatial� and� temporal� scales,� mining� the� scientific� structures� and� general� laws� of� specific�

fields,�with�the�goal�being�to�promote�scientific�research�(Nature�Index,�2019).�Based�on�this,�

knowledge�discovery�of�big�data� in�science�of�science� is� the�process�of� identifying�effective,�

novel�and�potentially�comprehensible�knowledge�from�massive�data�sets.�So�the�value�of�big�

data�in�science�of�science�research�for�knowledge�discovery�lies�in�revealing�deeper�informa-

tion�and�knowledge�based�on�multiple�big�data,�promoting�knowledge� fusion� in� the�whole�

process�of� scientific� research,�guiding� interdisciplinary� integration,� and�providing�new� ideas�

and�methods�for�knowledge�discovery�research.�Various�kinds�of�scientific�and�technological�

literature�databases�and�online�analysis�platforms,�such�as�Web�of�Science�(WoS),�Scopus,�El-

sevier,� Springer,� Google� Scholar,� Nature� Index� (Nature� Index,� 2019),� Incopat,� Relecura,� etc.�

And�various�pre-prints,� research�communities,� research� reports,� research� reports,� funds� and�

other�databases,�it�is�possible�for�researchers�to�have�a�deeper�understanding�of�the�scientif-

ic�process.

��� In� general,� the� academic� community� has� not� systematically� combed� and� understood� the�

importance�of�big�data�in�science�of�science�in�knowledge�discovery�research.�Therefore,�this�

paper� discusses� the� main� ways,� values� and� challenges� of� big� data� analysis� in� supporting�

knowledge� discovery� research� from� the� following� five� aspects,� in� order� to� promote� the�

in-depth�development�of�knowledge�discovery�research.

1 Explore the law of scientific research

There� are�more� and�more� high-quality� data� supporting� science� of� science� research,� and�

the� relevant�entity� information,�concepts�and�subject�words�constitute�a�network�of� tens�of�

thousands�of�nodes,�containing�rich�potential� information�and�hidden�knowledge.�Based�on�

these�rich�science�data,�it�can�reveal�and�describe�the�internal�laws�and�characteristics�of�sci-

entific�research,�such�as�reveal�the�birth�and�evolution�of�discipline�direction,�mining�scientif-

ic�research� activities� information� and� innovation� law,� etc.� It� also� helps� to�obtain� the� overall�

understanding�of� the�various� factors�affecting� the� scientific�development� from� the�perspec-

tive� of� the� whole� process� of� scientific� research,� so� as� to� promote� science� and� technology�

management�and�research�and�development�organization�behavior�to�a�better�direction.�For�

example,�Wolfgang�Glanzel�found�in�2001�that�the�citation�rate�of� international�cooperation�

papers� was� higher� than� that� of� pure� domestic� papers� (Glanzel,� 2001).� Many� other� studies�

have� also� reached� similar� conclusions� (Wuchty� et� al.,� 2007;� Panzarasa� &� Opsahl,� 2014;�

Abramo�et�al.,�2011;�Kato�&�Ando,�2013),�that� is,�there� is�a�positive�correlation�between�sci-

entists'�cooperative�structure�and�their�scientific�research�performance.�This�law�has�also�be-

come�the�basis�for�scientific�research�evaluation�based�on�cooperation.�For�example,�Yunwei�

Chen� et� al.� (2015)� constructed� a� composite� cooperation� intensity� Compound� Collaboration�

Strength�(CCS)�index�based�on�cooperation�characteristics�to�evaluate�scientists'�scientific�re-

search�performance.� Figure� 1� shows� the� fundamental� of� CSS,�which� considers� not� only� the�

impact�of� co-author� feature,�but�also� the� impacts� from� the� co-authors� affiliations� and� their�
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distributions� among� an� author's� publications� when� evaluating� authors'� performance� based�

on�collaborations.�Schummer�(2004)�summarized�the�existence�of�symmetric�and�asymmetric�

cooperation�modes�in�interdisciplinary�studies.�Zuo�and�Kang�(2018)�found�that�there�was�no�

clear�positive�correlation�between�the�institutional�subject�diversity�and�the�level�of�coopera-

tion.�Feng�and�Zhang�(2020)�showed�that�behavioral�attitudes,�perceived�behavioral�control,�

and�subjective�norms�had�a� significant�positive� impact�on� the�development�of�potential� in-

terdisciplinary�cooperation.�These�findings�suggest�that�we�need�to�make�reasonable�bound-

ary� limits� when� using� the� subject� field� structure� or� cooperation� structure� of� institutions� to�

avoid�absolute�assumptions.�Wu�et�al.�(2019)�have�found�that�small�teams�have�more�poten-

tial� to�make� disruptive� innovations.� This� shows� that� scientific� and� technological� innovation�

activities�need�multi-organizational�mode,�and�we�need�to�consider�supporting�various�forms�

of�scientific�research�organization�mechanisms�in�the�process�of�formulating�policy�tools�and�

scientific�research�funding.�

Figure 1 Comparison�of�the�co-author�networks�of�author�A�and�author�B�(Chen�et�al.,�2015).�

���Both�of�A�and�B�have�ten�publications�and�five�co-authors.�They�can�win�the�same�score�by�

classical� counting� and� co-author� networks� by� counting� their� nodes� degree� centrality� when�

only� two� ego� co-author� networks� have� been� considered� as� Fig.1 (b).� Furthermore,� A's� ego�

network�has�higher�density� than�B.� It� seems� like� that�A�performs�better� than�B.� Indeed,�A's�

(a)�Coupled�co-author�networks�of�A�and�B

(b)�Ego�co-author�networks�of�A�and�B.
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five� co-authors� came� from� three� different� organizations� and� collaborated�with� A� published�

three�papers.�While�B's�five�co-authors�came�from�five�different�organizations�and�collaborat-

ed�with�A�published� five�papers.� From� that�perspective,� it� seems� like� that�B�performs�better�

than�A.

���Generally�speaking,� scientific� laws� refer� to�universal� laws�and�representations.�However,� in�

terms�of�scientific�research,�this�general�law�or�characteristics�are�usually�limited�to�the�com-

mon� characteristics� and� laws�within� a� certain� region� or� field,� and� this� law� arises� under� the�

context� of� a� specific� culture� and� a� specific� field.� Therefore,� the� universality� of� scientific� re-

search�laws�and�characteristics�revealed�based�on�big�data� in�science�of�science�needs�to�be�

understood� dialectically,� interpreted� under� certain� conditions,� and� tested� accordingly� when�

necessary.� For� example,� Fangfang�Wen� found� that� there� are� differences� in� the� cooperation�

modes� between�China� and� abroad� in� the� field� of� information� science.� Chinese� scholars� are�

mainly�related�to�teachers,�students�or�colleagues,�while�foreign�cooperation�is�mainly�based�

on� common� research� fields� or� interests� (Wen,� 2015).� Therefore,� when� discussing� domestic�

and�foreign�cooperation�networks�together,�because�the�same�data�characteristics�may�imply�

different�internal�dynamics,� it�will�be�a�very�thorny�practical�challenge�for� information�analy-

sis�and�interpretation.

2 Reveal the scientific structure

In�the�field�of�scientometrics,�the�research�on�mathematical�modeling�of�science�and�tech-

nology�system�has�a�long�tradition,�which�aims�to�answer�the�basic�mechanism�behind�the�e-

merging�structures�such�as�scientific�disciplines,�scientific�paradigms�and�interdisciplinary�re-

search�frontiers.�As�early�as�2005,�Boyack�et�al.�(2005)�produced�a�scientific�structure�map�of�

the�whole� field�based�on�more� than�1�million� journal�articles� in�more� than�7,000� journals� in�

the�fields�of�natural�sciences�and�social�sciences,�which�can�be�used�to�detect�the�relationship�

between� disciplines.� Borner� et� al.� (2011)� pointed� out� that� using� advanced� data�mining� and�

modeling�methods�to�reveal�scientific�structure�and�perform�static�or�dynamic�visual�presen-

tation�based�on�high-quality�and�high�coverage�data�is�a�frontier�research�field�in�the�field�of�

scientometrics.

��� Especially� in� recent� years,� thanks� to� the� development� of� network� analysis�methods,� data�

mining�algorithms,�machine� learning�models� and� information� visualization�methods,� as�well�

as�the�emergence�of�various�analysis� tools�such�as�CiteSpace,�sci2,�VosViewer�and�CitNetEx-

plorer,�researchers�can�analyze�and�identify�the�inherent�objective�scientific�structural�charac-

teristics�from�the�external�characteristics�based�on�the�big�data�(Wei�&�Wei,�2011).�For�exam-

ple,�Janssens�(1979)�confirmed�the�effectiveness�of�revealing�the�scientific�structure�of�the�re-

search�field�based�on�the�data�relationship�between�text�and�bibliometrics;�Junping�Qiu�(Qiu�

&�Dong,� 2013)�� and�Shiji�Chen� (Chen�et� al.,� 2015)� found� that� citation�network�plays� an� im-

portant� role� in� presenting� scientific� structure� and�discipline� evolution� process;� Alexander� et�

al.� found� that�all�disciplines�has� shown�a�phenomenon�of� cross�growth�since� the�beginning�

of�the�20th�century�(Gates�et�al.,�2019);�We�found�that�the�author�cooperative�network�com-

munity�is�an�effective�means�to�present�the�scientific�structure� in�our�previous�research�(Gir-

van� &� Newman,� 2002;� Chen� et� al.,� 2016).� In� terms� of� specific� scientific� structure� research�

practices,� Yue�Ting� revealed� significant�differences� in� the� citation� science� structure�between�

G7�countries�and�BRICS�countries�based�on�literature�data�(Yue,�2008),�and�pointed�out�that�

science�and� technology�policies� and� strategies�may�have�affected� the�evolution�of� scientific�

structure�(Yue�et�al.,�2018).

..
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It�should�be�pointed�out�that�the�current�analysis�of�scientific�structure�is�mostly�based�on�

cooperation�or� citation�network.�However,� there� is� no� systematic� theoretical� explanation�or�

clear� theoretical�basis� for� this� choice.�Which� type�of�network� is�more� suitable� to� reveal� the�

scientific� structure� still� needs� to� be� explored� deeply.� For� example,� Ahlgren� compared� the�

community�division�effects�of�direct�citation,�co-citation,�and�document�coupling,�and�found�

that�communities�based�on�co-citation�networks�commonly�used�in�the�library�and�informa-

tion� science� have� a� relatively� weak� degree� of� distinction� between� topics� (Ahlgren� et� al.,�

2020),� the� result�of�which�was�showed� in�Fig.2.� In�addition,� research�on�community�division�

of�multiple�heterogeneous�networks�or�hybrid�networks�has�been�proven�to�have�better�re-

sults�(Zhang�et�al.,�2019;�Jiang�&�Chen,�2021).�Therefore,�it� is�necessary�to�continue�to�study�

the�construction�of� the�network� in� the� research�of�scientific� structure.�Whether� the�network�

is� scientific,� reasonable� and� accurate� is� the�most� basic� premise� for� effectively� revealing� the�

scientific�structure.

Figure 2 GA�plot�for�comparing�different�approaches,�MeSH�used�as�the�evaluation�criterion

���The�GA�plot�of�Figure�2(a)�visualizes�the�accuracy�results�of�enhancing�DC�by�indirect�cita-

tions.�The�performance�of�EDC,�the�combination�of�DC�with�BC�and�CC,�as�well�as�the�perfor-

mance� of� DC,� BC� and� CC,� is� shown.� CC� exhibits� the� worst� performance� among� the� cita-

tion-based�approaches.�EDC�has�the�best�performance.� In�Figure�2(b),�a�GA�plot� that�shows�

the�results�of�enhancing�DC�by�BM25,�and�thereby�by�textual� relations.�The�plot�also�shows�

the�performance�of�DC�and�BM25.�BM25�performs�better�than�DC�but�is�outperformed�by�all�

three�DC-BM25�variants.

3 Analyze scientific research activities

By�analyzing�the�scientific�research�output�data�such�as�papers�and�patents,�as�well�as�the�

educational� experience� and� career� resume�of� researchers,�we� can� not� only� find� the� regular�

knowledge�of�researchers'�scientific�behavior,�employment�and�career�choice,�but�also�reveal�

the�organization�operation�mode�of�scientific�research�teams�or�institutions,�which�is�of�great�

value�for�guiding�the�construction�of�scientific�research�teams,�talent�introduction�and�train-

ing.�For�the�personal�research�activities�of�researchers,�many�scholars�analyzed�the�regularity�

of�the�performance�and�achievements�of�scientists�in�their�careers�based�on�the�output�abili-

(a)� Comparison� of� DC,� EDC,� BC,� CC� and� the�

two�variants�of�DC-BC-CC.�

(b)� Comparison� of� DC,� BM25� and� the� three�

variants�of�DC-BM25.
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ty� of� scientific� research� results� and� the� cited� data� of� the� papers.� For� example,� Way � et� al.�

(2017)� found� that� the� most� effective� time� of� scientific� research� output� is� the� time� period�

within�8�years�after�scientists�become�chief�researchers�through�scientific�research�output�da-

ta�in�the� field�of�computer�science,�and� the�peak�year� is�usually� the�year�before� researchers�

get� their� first� promotion.�Others� found� that� it� is� easier� to� produce� scientists'� personal� best�

scientific�achievements� in�the�early�to�middle�of� their�career� (Jones�&�Weinberg,�2011).�And�

researchers�should�not�change� their� research�direction� frequently� in� the�early� stage�of� their�

career� (Zeng�et�al.,�2019).� In�addition,�Sugimoto�et�al.� (2017)� found�that� the� free� flow�of� re-

searchers�is�the�most�conducive�to�the�maximum�value�of�scientists�and�the�healthy�develop-

ment�of� the� scientific� system.�Other� studies� shows� that� there�are�obvious�differences� in� the�

working�habits�of�scientists�in�different�countries�(Wang�et�al.,�2012).�In�terms�of�patent�data�

analysis,� Zhigang� Feng� found� that� the� number� of� multinational� patents� around� the� world,�

and� formed� a� transnational� patent� application� network�with� the�United� States,� the� UK� and�

Germany�as�the�cores�(Feng�et�al.,�2020).�

��� In� terms� of� research� on� scientific� research� activities� of� scientific� research� institutions� or�

teams,�our�team�compared�the�characteristics�of�scientific�research�activities�of�four�quantum�

scientific� research� teams� in� the�world,�mainly� finding� the� differences� of� organization�mode�

through�the�scientist�cooperation�network,�discovering�the�team�structure�based�on�the�dis-

cipline�background�and�age�information�of�talent�team,�and�revealing�the�overall� level�of�in-

fluence�of� scientific� researchers� through� the� citations�of� each� scientist's� papers,� in� order� to�

fully� show� the� competitiveness� and� scientific� research� level� of� scientific� research� teams�

(Zhang�et�al.,�2018).��

���However,�whether�scientific�researchers�or�scientific�research�institutions,�scientific�research�

output� such�as�papers� and�patents� are�only�derivatives�of� their� scientific� research�activities.�

The�information�of�scientific�research�activities�based�on�scientific�research�output� is�not�the�

whole�picture�of�scientific� research�activities,� so� the�use�of� these� results�should� strictly� con-

trol�the�boundary�conditions.�

4 Supporting Technology Identification and Prediction

The�desire�to�predict�new�scientific�developments,�such�as�knowing�in�advance�what�a�new�

discovery�will� be,� by�whom,�when� and�where,� exists� today� in� almost� every� field� of�modern�

science.� Scientists� often� predict� interesting,� influential,� and� fundable� research� directions� or�

topics.� Publishers� and� funding� agencies� evaluate� submissions� and� project� applications� by�

predicting�their�future� impact.�Staffing�review�committees�also�predict�which�candidates�will�

make� significant� scientific� contributions� over� the� course� of� their� careers.� The� more� pre-

dictable� the� scientific� discovery� process� is,� the� more� effectively� human� and� financial� re-

sources�can�be�used�to�support�worthwhile�research�(Clauset�et�al.,�2017).

��� In�the�field�of�technology�forecasting,�earlier�research�has�been�dominated�by�peer�review�

and�Delphi�methods.�However,� researchers�expect� that�using� this�big�data� in�science�of� sci-

ence� information� can�produce�more�objective� and� accurate�predictions� than� the�qualitative�

predictions�of�experts�in�the�library�and�information�science�field.�Researchers�continue�to�be�

enthusiastic� about� conducting� technology� prediction� research� based� on� quantitative� data.�

There� is� a� wealth� of� knowledge� in� scientific� data� and� related� information.� Identification� of�

technology� frontiers,� emerging� technologies� or� disruptive� technologies� through� analysis� of�

existing�papers,�patents�and�other� information�can�effectively�support�technology�identifica-

tion� and� prediction� research.� Prediction� research� based� on� the� literature� and� its� associated�
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data�can�support�at�least�four�areas:�prediction�of�citations�of�past�discoveries,�prediction�of�

job� bids,� prediction� of� scientific� productivity,� and� prediction� of�which� candidates� will�make�

important� scientific� contributions�over� the�course�of�ones'� careers� (Clauset�et�al.,� 2017).� For�

example,� Buchanan� and�Corken� (2010)� developed� a� science-intensive� disruptive� technology�

prediction�model�based�on�patent�big�data.�Farber�(2016)�used�semantic�wiki�for�technology�

forecast�and�technology�monitoring,�demonstrating�that�semantic�wikis�can�be�useful� in�the�

field�of�technology�forecast�and�technology�monitoring,�in�addition�to�being�an�ideal�knowl-

edge�management� tool.�Wang�et� al.� (2021)�proposed�a� concept�of� a� neural� network-based�

nonlinear�citation-forecasting�combined�model�for�predicting�the�potential�citation�frequen-

cy�of�articles,� and� their� results� showed� that� the�model�has�high�accuracy� and� robustness� in�

predicting� the� potential� citation� frequency� of� papers� and� the� ranking� of� academic� articles,�

which� in�turn�supports�the�use� in�potential� frontier� technology� identification�studies.�Huang�

et� al.� (2021)� used�online�medical� behavior� data� such� as� online�medical� consultation,� online�

medical�appointment,�and�online�medical�search�to�predict�the�trend�of�the�number�of�cases�

using� a� multivariate� vector� autoregressive� model� to� provide� a� reference� basis� for� guiding�

epidemic�prevention�and�control�and�resource�deployment.

���In�addition,�citation�network�main�path�identification�studies�are�considered�to�be�an�effec-

tive�tool�for�technology�prediction�studies.�It�can�analyze�the�history�of�technology�evolution�

along� the�main� citation� path� and� predict� the� next� development� trend.�Our� team� proposed�

the� concept� of� engine� technology� in� 2017,� and� four� hypotheses� related� to� the� structure� of�

patentee�cooperation�networks�to�reflect� the�characteristics�of�engine�technology.�Based�on�

this,�the�analysis�of�the�patentee�cooperation�network�structure�on�the�basis�of�a�large-scale�

patent�dataset�was�carried�out� to� realize� the�anticipatory�study�of�engine� technology� (Chen�

et�al.,� 2017).�The� result�of� this� study� shows� that� there�are� significant�differences� in� the�net-

work� structure�of� patentee� cooperation�between� engine� and� non-engine� technologies,� and�

in�turn,� technology�foresight�studies�can�be�achieved�according� to� the�different�characteris-

tics�of�this�network�structure.

��� However,� the� dramatic� growth� of� big� data� in� science� of� science� is� rapidly� increasing� the�

demand� for�analytical�methods�and�tools.�Traditional� statistical�and�analytical�metrics,� algo-

rithms� and�models� are� no�more� capable� of�meeting� the� new� research� needs,� especially� in�

technology� identification�and�prediction� research�methods,� for�which� there�are�no� fully� reli-

able� and� effective� methods� and� tools.� In� order� to� solve� this� bottleneck,� it� is� necessary� to�

build�a�scientific�and�feasible�theoretical�framework�system�and�methodological�approach�to�

propose�effective�algorithms�or�models�on�the�one�hand,�and�to�develop�open-source�stan-

dardized� tools� and�platforms� for� users� to�widely� use� and� continuously� upgrade� the� useful-

ness� of� the� tools� on� the� other� hand.� Machine� learning� and� artificial� intelligence� methods�

have�gained�wider�use�in�recent�years.�For�example,�Zhou�et�al.�(2020)�used�data�augmenta-

tion�and�deep�learning�techniques�to�forecast�emerging�technologies�based�on�patent�data,�

and�the�empirical�prediction�results�of� this�study�on�Garter's�emerging� technology�hype�cy-

cles�showed�that�the�method�had�an�accuracy�of�77%.

��� It� is� important� to�note� that�as� the�predictive�efficacy�based�on�big�data� in� science�of� sci-

ence�increases,�the�more�we�need�to�be�careful�that�such�predictive�studies�based�on�histori-

cal� data� do� not� have� a� dampening� effect� on� future� scientific� discoveries� and� the� develop-

ment�potential�of�currently�underestimated�groups.�On�the�one�hand,�it�is�difficult�to�predict�

completely�new�discoveries� from�historical� data,� and� some�potential� principles� or� laws� that�

are�consistent�with�scientific�laws�may�not�be�easily�predicted�accurately�by�the�specific�time�
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of�discovery�due�to�technical�constraints.�On�the�other�hand,� the� regular�output�patterns�of�

individual�scientists�obtained�statistically�for�group�sample�data�cannot�replace�the�judgment�

of�individual�research�potential,�and�avoid�denying�the�future�development�potential�of�indi-

viduals�based�on�the�overall�historical�statistics.

5 Services for Science and Technology Evaluation

In�July�2021,� the�General�Office�of� the�State�Council�of�China� issued�the�"The�General�Of-

fice�of� the�State�Council� on� improving� the� Evaluation�Mechanism�of� Scientific� and� Techno-

logical� Achievements"� (hereinafter� referred� to� as� "Opinions").� The� opinion� emphasizes� the�

need�to�adhere�to�the�correct�orientation�of�science�and�technology�results�evaluation,�inno-

vative�ways�to�evaluate�scientific�and�technological�achievements,�improve�and�perfect�the�e-

valuation�system�of�scientific�and�technological�achievements.�In�order�to�better�play�the�role�

of�evaluation�of�scientific�and� technological�achievements� (Chen�&�Zhang,�2020).�Therefore,�

the�evaluation�of�scientific�and�technological�achievements�need�produce�high�level�scientific�

and� technological� outcomes� through� scientific� evaluation� programs.� In� this� process,� we�

should�fully�recognize�the�diversity�of�the�value�of�scientific�and�technological�achievements�

and� avoid� using� single� and� one-sided� indicators.� For� example,� academic� papers� reflect� a�

large� number� of� theoretical� achievements� of� basic� research,� and� are� one� of� the� important�

carriers�to�evaluate�the�scientific�value�of�scientific�and�technological�achievements,�but�they�

can't�effectively�reflect�other�values.�Many�key�core�technology�breakthroughs�are�often�just�

the�optimization�of� specific� parameters� or� indicators,� and� it� is� difficult� for� non-professional�

to�find�the�significant�value�behind�them.�If�the�achievements� in�the�field�of�Humanities�and�

social�sciences�are�also�measured�by�impact�factors�or�patents,�it�is�easy�to�erase�their�cultur-

al�value.�Knaapen�noted�that�the�plurality�of�scientific�assessments�could�move�toward�quan-

titative� performance� indicators� and� qualitative� internal� evaluations� and� beyond� economic�

productivity� to� value� the�broader� societal� contributions�of� science.�A�more�diverse� external�

assessment�may�not�be�more�accurate�than�quantitative�indicators,�but�by�assessing�the�infi-

nite� contribution� of� science� and� the� diversity� of� its� producers� and� users,� it� promises� to� be�

less�one-sided�and�perhaps�more�impartial�(Knaapen,�2021).

���Big�data� in� science�of� science�provides� a�data�basis� for� the�evaluation�of�multiple� values.�

The�evaluation�of�multiple�values�of�science�and�technology� involves� the�selection�of�differ-

ent�methods�and� indicators.� For� example,�Wang�Yunhong�et� al.� constructed� the�panoramic�

information� data� evaluation�model� of� scientific� and� technological� talents,� in� order� to�more�

comprehensively� reflect� the� comprehensive� strength� of� scientific� and� technological� talents�

(Wang�et�al.,�2017).�Currently,� the�common�practice� that�has�won�academic�consensus� is� to�

adopt�a� combination�of�quantitative�and�qualitative� approaches,�where�quantitative�metrics�

are� often� used� to� support� qualitative� expert� review� (The� San� Francisco� Declaration� on� Re-

search�Assessment,�2017;�Hicks�et�al.,�2015),�and�are�subject�to�strict�limitations�(Moed,�2020;�

Adams�et�al.,�2019).�Article�8�of�the�"Opinions"�explains�the�principles�of�indicator�utilization.�

That� is,�we�must�resolutely�crack�the�evaluation�of�scientific�and�technological�achievements�

in� the� "only�papers,�only� titles,�only�education,�only�awards,�only�hats"�problem,�a� compre-

hensive� correction� of� scientific� and� technological� achievements� in� the� evaluation� of� purely�

quantitative� indicators,� light� quality� contributions� and� other� undesirable� tendencies,� to� en-

courage�science�and�technology�workers�to�combine�research�with�practical�problems�in�or-

der�to�promote�the�solution�of�major�national�problems.� In�the�earlier�documents�of�"Opin-

ions"�and�the�Ministry�of�Science�and�Technology�of�China,�it�should�be�noted�that�it� is�pro-

44



posed� to� implement� a� representative�work� system� for� the� evaluation� of� papers� and� to� en-

courage� the�publication�of� "three� types�of�high-quality�papers".� Therefore,� how� to� improve�

the�existing�evaluation�index�scientifically�and�reasonably�has�become�a�very�important�con-

cern�in�the�academic�circle,�and�the�development�of�big�data�in�science�of�science�brings�an�

opportunity� for� science� and� technology� evaluation� towards� deepening.� For� example,� Liu� et�

al.�(2021)�used�the�idea�of�citation�iteration�and�added�the�time�dimension�to�construct�a�dy-

namic� paper� impact� evaluation� Q-index� that� simultaneously� considers� the� number� of� cita-

tions,� the� quality� of� published� journals� and� the� impact� of� cited� papers.� And� based� on� the�

Q-index�scores�of�all�the�authors'�papers,�an�F-index�was�constructed�to�reflect�the�influence�

of�scientists,�which�can�reveal�the�difference�in�the�influence�of�papers�based�on�the�cited�lit-

erature�of�multiple�citation�levels.

��� The� previous� section� discusses� the� value� of� big� data� in� science� of� science� analyses� for�

knowledge� discovery� and� the�ways� or�means� to�make� a� difference� in� five� aspects.�We� can�

find� that� the� increasing� abundance� of� big� data� in� science� of� science� provides� an� unprece-

dented� data� base� for� in-depth� knowledge� discovery� research.� However,� due� to� the� diverse�

types� and�huge� amount�of� Big�Data� in� science,� and� the� very� specific� and�urgent� needs� for�

knowledge�discovery,�there�is�still�a�certain�degree�of�gap�between�supply�and�demand.�The-

ories,�methods�and� tools� for�big�data� in� science�of� science�analytics� to�bridge� this� gap� are�

still� relatively� lacking.�Thus,�big�data� in�science�of�science�analytics� for�knowledge�discovery�

still� faces�great�challenges�and�also�presents�significant�opportunities.� In�the�case�of�predic-

tive� research� conducted� with� big� data� in� science� of� science,� for� example,� little� is� known�

about� the� understanding� of� the� birth� of� scientific� discoveries,� despite� a� great� deal� of� aca-

demic�discussion.�Precise�predictions�through�scientific�pathways�are�rare,�and�even�the�sci-

entific�community�still�lacks�an�accurate�understanding�of�which�scientific�discoveries�can�be�

predicted�and�which�cannot�be�effectively�predicted�(Clauset�et�al.,�2017).�As�can�be�seen,�the�

forecasting�work�presented�in�the�previous�section�also�hints�at�the�limitations�of�data-driven�

forecasting� regarding� discovery� generation.� In� terms� of� science� and� technology� evaluation�

based� on� big� data� in� science� of� science,� science� needs� more� diverse� external� evaluation.�

While� some� argue� that� evaluation� and� innovation� are� antagonistic� (D'Agostino� &� Malpas,�

2021),�evaluation� still�needs� to�constantly� seek� to�maximize�benefits�and�minimize�negative�

impacts�in�promoting�innovation,�and�how�to�scientifically�utilize�the�vast�amount�of�big�data�

in�science�of�science�is�a�major�challenge�and�a�major�opportunity�for�science�and�technolo-

gy�evaluation.� Most� of� the� analyses� about� research� laws,� research� activities,� and� scientific�

structure� are� based� on� retrospective� generalizations� and� feature� condensation� of� historical�

data.�On�the�one�hand,�the�accuracy�of�such�regular�features�cannot�yet�be�fully�verified.�On�

the�other�hand,�when�using�these� laws�or� features,�policy�makers�and�management�depart-

ments�should�fully�consider�their�statistical�limitations�to�avoid�over-reliance�on�them�for�re-

source�allocation�and�other� tasks,�which�may� lead� to�negative� impacts�on� the� future� layout�

of�science�and�technology�innovation�and�talent�development.
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