




大数据时代高校科研数据服务模式与建设路径研究 
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1 研究背景、目的及意义 

1.1 研究背景 

科研数据的充分获取和高效管理是影响科研项目顺利进行的关键因素之一。作为人类发现、

探索、解释自然与社会的忠实记录，科研数据是进行科研活动所必需的基础性生产资料，是支

撑研究结论的重要事实或结果。科研数据的获取，一方面来自项目内部试验测试、遥感勘测、

模型计算、调研访问、问卷统计等科研活动，另一方面来自项目外部科研数据的共享。对于多

数科研项目，围绕大量科研数据的是各种繁琐的数据计划、获取、存档、分析、处理、发表、

共享等工作，如何合理规划、充分获取和高效管理这些数据对于卓有成效的科研活动具有不言

自明的意义。 

开展科研数据服务相关工作的探索和实践已有相当长的一段历史。首先，当前科研活动呈

现复杂度越来越高、耗时越来越多、分工越来越细、合作越来越密的特点；其次，与计划思考、

科研实验、报告编写等工作相比，科研数据获取与处理属于科研活动中的非核心业务；最后，

科研数据工作伴随绝大多数科研活动始终，占用大量的人力、物力、财力。在这些因素的共同

作用下，1957 年国际科学联合会理事会成立了世界数据中心，其后众多国际组织、国家政府、

资助机构、出版机构相继推出有关科研数据服务方面的政策和措施。早在 1994 年我国地学领域

专家也就开展科研数据共享服务进行了呼吁。 

在国外高校提供的科研数据服务中，美国、澳大利亚、英国等走在前列。早在 1970 年代美

国密歇根大学就建成了“校际政治与社会研究联合数据库”（Inter-University Consortium for 

Political and Social Research，ICPSR），1994 年美国杜克大学就出台了科研数据保存和获取政策。

澳大利亚 2007 年颁布的《澳大利亚负责任科研行为准则》明确提出高校必须建立起科研数据保

存、数据所有权归属以及数据访问等政策，这直接推动了高校科研数据服务工作。英国高校科

研数据服务政策制定较晚，随着英国艺术与人文研究委员会（Arts and Humanities Research 

Council, AHRC）、生物技术与生物科学研究委员会（Biotechnology and Biological Sciences 

Research Council, BBSRC）、工程与物理科学研究委员会（The Engineering and Physical Sciences 

Research Council, EPSRC）等科研资助机构相继制定数据管理要求，其发展迅速。 

国内高校科研数据服务起步较晚，目前仍处于规划探索阶段，总体上大幅落后于国际同行。



2011 年武汉大学图书馆在 CALIS 三期的资助下，开展了科研数据管理与服务机制和平台的实

践与探索；2013 年复旦大学推出了国内高校截至目前唯一的社会科研数据平台；2015 年北京大

学开放研究数据平台测试版上线运行。 

大数据时代，科研数据重要性空前提升，亟需专业的科研数据服务。大数据时代，科研环

境转变，面对新的数据密集型科研范式，科研数据成为现代科学研究的基础性资源，“已有的数

据是新研究的宝贵资产，对于已有数据的整合、挖掘和再利用为学术研究提供了一种新的资源”。

面对新形势，数据的采集、存储、分析需要专业的设备、人员，这使得科研活动对于数据的获

取和处理变得更为迫切。 

1.2 研究目的 

大数据时代的数据密集型科研是一种“大科学”模式，科研活动分工更细、协作度大幅提

高，大数据的采集、存储、处理、计算都有赖于专业的设备和人员，给高校传统的以个体和小

团队为主的“小科学”模式带来巨大冲击。可以说传统的个体和小团队很难完全独立胜任。科

研人员没有足够的时间和精力应对科研数据获取和处理工作。即便科研人员具有相当的科研素

养，也很可能无暇顾及这方面工作，当前数据获取与管理工作需要掌握更为繁琐的政策、操作

更加复杂的软硬件，专业性越来越强，这意味着需要耗费的时间和精力用于数据获取与管理；

另外传统科研中，科研人员为获取和处理数据花费大量的精力，但是社会发展在逐渐加速中，

全社会对于科研人员的产出要求也在逐步提升，将过去的模式用在现下和未来，科研人员必将

无法应对繁重的科研工作。因此提供专业科研数据服务、解放科研人员、让其回归科研核心工

作不失为一个更加合理的安排。 

1.3 研究意义 

科研数据服务的发展大致经历了科研数据（管理和共享）服务——科研数据服务两个阶段。

最早为了实现科研数据共享，主要是欧美等国科研人员将数据集中起来管理，并为此制订了完

备的政策制度。然而开展科研数据共享和管理工作多年之后，欧美等国仍有不少科研数据得不

到妥善管理、已有的数据得不到充分利用、甚至一些科研人员仍对科研数据共享与管理存在很

多困惑。而我国由于至今未建立完善的政策规范，实践上只有国家科技部科学数据共享工程一

直有效运行。 

作为一种非消耗性资源，理论上科研数据可以无限制共享和重复使用，然而实际情况却不

尽如人意，概因科研数据共享和管理工作专业、复杂、繁琐，对于这项耗时、耗力的非核心工

作，投入过多精力和经费是一项效益低下的选择。或许正是看到问题所在，欧美各国近年来逐

渐开展更为广泛的科研数据服务，以服务促进科研数据集中管理和广泛共享。 



有鉴于此，国内外研究一直以来均将更多的关注直接投向科研数据共享和管理服务，直到

近年来有关科研数据服务的研究才逐渐增多。即便科研数据服务与科研数据共享和管理相关研

究存在诸多重叠和交叉，但科研数据服务有其自我体系，相关研究尚处于起步阶段。课题通过

对高校提供科研数据服务的必要性、高校科研数据服务模式和高校科研数据服务建设路径等问

题展开系统性探讨，是系统阐述高校科研数据服务理论的一个积极尝试。 

2 研究内容及方法（思路、方法、具体内容） 

2.1 研究思路 

和多数研究一样，本课题按照“提出问题——分析问题——解决问题”的思路逐层推进（图

1.1）。 

图 1.1 研究思路图 



2.2 研究方法 

（1）文献调查法 

本课题在研究的过程中，选取 CNKI 中国知网、Emerald 数据库、百度搜索引擎，通过搜

集、整理、鉴别，获得了大量有关科研数据的文献资料、数据资料，作为必要的背景材料、理

论来源和事实依据。 

（2）文献统计分析法 

对于收集到的文献，课题通过识别、分类、统计等步骤分别从发表年代、研究领域、研究

机构、资助基金等角度进行分析，从总体上把握科研数据相关研究热点和动向。 

（3）比较分析法 

课题中多处涉及，国内科研数据研究现状与国外科研数据研究现状的比较、科研数据概念

与科技文献概念的比较，科研数据服务概念与科研数据管理概念的比较，通过比较分析抓住本

质和异同点。 

2.3 研究内容 

课题研究主要涉及高校提供科研数据服务的必要性、高校科研数据服务的模式、高校科研

数据服务的建设路径三点。三者相互依赖，必要性研究是研究得以进一步展开的前提和依据，

模式研究为建设路径提供理论依据，路径研究反过来验证理论可靠性；三者共同构成一个整体

系统，解决“国内高校如何突破困境开展科研数据服务”这一问题。 

2.3.1大数据时代高校亟需科研数据服务 

（1）科研环境转变是高校开展科研数据服务的根本动力 

我们身处大数据时代，麦肯锡全球研究院（MGI）给大数据（big data）下的定义是：“一

种规模大到在获取、存储、管理、分析方面大大超出了传统数据库软件工具能力范围的数据集

合，具有海量的数据规模、快速的数据流转、多样的数据类型和价值密度低四大特征。”大数据

一直以来都存在于我们的社会，但是没有人去采集并加以利用，关键原因在于相关处理技术还

不够成熟，大数据的价值无法挖掘出来。 

21 世纪初，与大数据密切相关的感知技术、存储技术、云计算和分布式处理技术日益发展

与成熟，有关大数据的理论也逐步完善。2011 年 6 月 MGI 在题为《大数据：下一个创新、竞

争和生产力的前沿》的研究报告中首次提出“大数据时代已经到来”的命题。大数据所描绘的

美好蓝图推动了全球广泛而持久的关注。MGI 指出“当前大数据规模以及其存储容量正在迅速

增长，已经渗透到各个行业和业务职能领域，成为可以与物质资产和人力资本相提并论的重要



的生产要素”。 

“大数据是继传统 IT 之后下一个提高生产率的技术前沿”。牛津大学教授维克托·迈尔-

舍恩伯格（Viktor Mayer-Schönberger）和《经济学人》杂志的数据编辑肯尼恩·库克耶（Kenern 

Cukier）合著的《大数据时代》一书指出“大数据改变了我们的思维方式，让我们从因果关系

的串联思维变成了相关关系的并联思维；大数据改变了我们的生产方式，物质产品的生产退居

其次，信息产品的加工将成为主要的生产活动；大数据改变了我们的生活方式，我们的精神世

界和物质世界都将构建在大数据上。大数据不仅仅是一门技术，更是一种全新的商业模式，它

与云计算共同构成了下一代经济的生态系统”。 

毫无疑问科研活动必须借助当时所处社会的各种理论储备和技术手段，当大数据时代来临，

始终处在社会发展前沿的科研活动自然不会缺席。大数据给科研活动带来三个颠覆性观念转变：

a.是所有数据，而不是随机抽样（随机抽样可以看成技术能力不足的条件下人为外加的限制）；

b.允许数据误差，掌握大致方向即可（样本数据较少时，数据误差容易导致结果偏差，需力求

数据精确）；c.关注相关关系，而不是因果关系（大数据分析是寻找相关关系的一个重要手段，

并非要否定因果关系）。这些颠覆性的改变孕育了新的科学研究第四范式，2009 年，微软在 The 

Fourth Paradigm: Data -Intensive Scientific Discovery中从科学研究方法的角度解释科学研究范式

并指出新的针对数据密集型（Data Intensive）科学的第四范式的产生，引起了大家对于数据密

集型科学的重视。 

全新的科研范式下科研数据成为科学研究的基础性资源。科学研究第四范式归根结底是对

海量数据的挖掘，由于理论和技术的发展，使得我们能够突破以往抽取部分数据样本进行模拟

分析的限制，进而对全样本数据进行分析。可以说只要获得数据就可以进行科研，那么“已有

的数据是新研究的宝贵资产，对于已有数据的整合、挖掘和再利用为学术研究提供了一种新的

资源”。Gary 认为已有数据的使用方式有 a.数据验证（Verification），通过对数据的追踪及验证

有助于学者们进一步确认论文作者的学术贡献；b.数据挖掘（Mining），通过对同一数据进一步

挖掘从不同角度得出更多结论；c.数据聚合（Aggregation and scaffolding），通过对不同项目和

不同研究人员的数据进行聚合，形成新的想法。 

大数据时代的数据密集型科研是一种“大科学”模式，给高校传统的以个体和小团队为主

的“小科学”模式带来巨大冲击。第四范式下的科研活动分工更细、协作度大幅提高，大数据

的采集、存储、处理、计算都有赖于专业的设备和人员，可以说传统的个体和小团队很难完全

独立胜任。大数据时代，数据成为可以重复使用的生产资料，高质量的数据获取和处理工作一

定会从传统科研活动中细分出来，及早适应并紧随趋势对于做好大数据科研至关重要。 

（2）科研人员需求是高校开展科研数据服务的直接动力 

首先，多数科研人员在有关科研数据获取与管理方面是“无知”的。数据密集型科研范式

下，科研数据获取和处理是科研工作细分的结果，是一项具有一定专业负责性的工作，当 UNC 

的研究人员被问及数据管理“是否能够获得充分的基金支持”等问题时，高达 65%的回答是“我



不知道”；根据刘霞等学者的调查，高校中“超过 60%的科研人员发生过数据丢失现象”、“65%

的数据由项目团队分散存储和管理”、“超过 50%的科研人员不对数据永久保存”、超过 40%的

研究者对“数据管理对于科学研究的促进作用”没有明确的认识，即便如此仍有“超过 50%的

科研人员对现有的数据管理手段表示满意”，可见相当数量的科研人员由于各方面原因并不了解

数据获取或者管理，更不要谈论如何更专业的做好这件事。 

其次，科研人员没有足够的时间和精力应对科研数据获取和处理工作。即便科研人员具有

相当的科研素养，他也很可能无暇顾及这方面工作，当前数据获取与管理工作需要掌握更为繁

琐的政策、操作更加复杂的软硬件，专业性越来越强，这意味着需要耗费的时间和精力用于数

据获取与管理；另外传统科研中，科研人员为获取和处理数据花费大量的精力，但是社会发展

在逐渐加速中，全社会对于科研人员的产出要求也在逐步提升，将过去的模式用在现下和未来，

科研人员必将无法应对繁重的科研工作，UNC 超过一半的受访者认为在使数据为他人所用上需

要花费时间。因此提供专业科研数据服务、解放科研人员、让其回归科研核心工作不失为一个

更加合理的安排。 

最后，科研人员没有足够的经费用于科研数据的获取和处理。获取和处理数据需要支付大

量的软硬件和人力费用，由个人或者小团队独力支付相关费用，无疑是很不经济的做法，而且

这也得不到资助机构的全力支持，当 UNC 的研究人员被问及在他们所在院系、实验室、中心

或者研究群体中，在长期数据保存（5 年以上）上面是否可以获得充分基金支持，仅有 10%的

人给出肯定的回答。科研经费是有限的，提供科研数据获取和处理服务，集中管理科研数据，

对于节省科研经费、提升科研产出具有不证自明的作用。 

大数据时代，科研环境的转变、数据政策的繁琐要求、科研数据获取和处理工作日益专业

化，面对这种趋势，科研人员越来越难以很好的应对，对数据获取和处理“无知”化日趋加重，

即便能够胜任相关工作，但是在繁琐的科研工作和有限的经费制约下，科研数据服务将会成为

科研人员的重要需求。 

2.3.2基于科研项目生命周期的高校科研数据服务模式构建 

针对高校“小科学”、数据量小、多学科、项目类型多、数据差异大、科研人员众多、数据

素养差距大、政策配套滞后等特点，课题构建了基于科研项目生命周期的高校多层次科研数据

服务模式（图 2.1）。 



图 2.1 基于科研项目生命周期的科研数据三层服务模式 

这一模式绕开高校不同学科科研数据的差别，立足于科研项目本身，按照所有项目都具备

的科研构思——科研实施——成果整理——成果发表四个阶段构建。把科研数据服务视作一项

服务工作，那么这项工作的服务对象应该是科研活动，他通过对科研活动中科研数据相关工作

（获取科研数据、管理项目生产出来的科研数据）提供各种帮助，实现对科研活动的支持，因

此以科研活动为中心构建服务框架具有天然合理性。同时这项服务的落脚点仍然在科研数据上，

与科研数据服务的宗旨是相吻合的。并且由于嵌入到科研过程当中的服务，能更好的体现服务

科研活动的目的，更易于被科研人员接受，激发科研人员数据服务需求，一定程度上缓解目前

政策配套滞后的问题。 

这一模式设计支撑服务——基础服务——增值服务三个层面。高校人员多、科研数据素养

相差较大，由这些科研人员提出来的科研数据服务需求也是千差万别，课题这一模式涉及三个

层次、面向所有科研人员的各种需求，让科研人员各取所需，能够很好的满足高校众多科研人

员的个性化需求。 

 



I. 基础服务 

通过提供“基础服务”（见图 2.2）可以明显改善目前多数科研人员获取和处理科研数据的

模式的弊端：a.可以有效的保障数据安全、最大化促进数据再利用，借助公用数据平台存档数

据极大地提升了数据的安全性，同时当多数人都在平台上发表、共享数据的时候，一个良好的

数据共享生态就建立起来了，这将最大化促进数据再利用；b.可以提高科研产出、有效节约大

量科研经费，一方面数据重复利用（数据重新理解、数据聚合等）可以在相同科研试验投入的

前提下获得更多产出，另一方面数据的开放共享可以避免大量不必要的重复试验，节约科研经

费。 

图 2.2 高校科研数据服务的“基础层次” 

假使仅提供“基础服务”，那么弊端也是显而易见的。a.加重科研人员负担、耗费科研人员

大量时间和精力，科研数据平台的熟悉和数据计划、存档、发表、共享都会占据科研人员大量

时间，这会成为阻碍科研人员充分利用科研数据服务的重要因素；b.数据质量难以得到充分保

证，由于缺乏专业人员的指导和帮助，由科研人员借助数据平台完成操作，显然缺乏必要的专

业性。 

 

 

 

 

 

 



II. 支撑服务 

良好的“支撑服务”能够（见图 2.3），a 提高科研人员科研数据素养，通过推广、教育和

咨询，让科研人员充分知悉科研数据服务、了解科研数据政策和技术、熟悉科研数据平台相关

操作，适应数据密集型科研环境；b 有效促进服务利用，许多科研人员没有足够的时间和意识

去了解科研数据服务，通过推广、教育和咨询，让科研人员感知科研数据服务的有用性、掌握

足够的数据服务相关知识、并建立起相适应的努力预期，最终转化为科研人员对于服务的合理

利用。 

图 2.3 高校科研数据服务的“支撑服务” 

但加“支撑服务”后仍然有一些问题没有解决：a 仍然耗费科研人员大量时间和精力，支

撑服务让科研人员更加熟悉科研数据服务，但这是建立在额外耗费时间之上的，这仍会阻碍科

研人员充分利用科研数据服务；b 数据质量仍然难以得到充分保证，支撑服务不足以让科研人

员成为数据服务专家，科研人员也没有时间和精力持续更新相关知识，专业性仍显不足。 

III. 增值服务 

通过提供“增值服务”能够（见图 2.4）：a 为科研人员节约大量时间和精力，数据服务人

员部分或全部承担科研数据获取和处理相关工作，大幅减少了科研人员相关工作，让其得以专

注于科研核心工作；b 激发科研人员使用数据服务的需求；c 提高数据质量。 



图 2.4 高校科研数据服务的“增值服务” 

通过三个层次的服务，能够更好的解决现有科研人员获取和处理科研数据所面临的问题，

充分保障数据质量和安全、促进数据再利用、节约科研人员时间和国家科研经费。 

2.3.3高校科研数据服务的建设路径 

前面两节内容分别回答了“是否需要提供科研数据服务”、以及“提供什么样的科研数据服

务”的问题，本节将回答“如何提供科研数据服务”的问题。基本思路是在总体目标和原则指

导下，提出“国内高校开展科研数据服务工作的路径框架”，并对科研数据服务建设的主要工作

进行逐项阐述。 

（1）国内高校开展科研数据服务工作的基本思路 

①推进科研数据服务工作的总体目标和原则 

一旦决定启动科研数据服务建设，首当其冲的是要确定一个目标，然后进行合理规划，进

而进入实施阶段。科研数据服务建设的目标包括服务的范围、服务的内容和方式等。如康奈尔

大学图书馆启动其科研数据服务项目时明确告知用户，这是一个试验性项目，定位为一个面向

本校学者的数据阶段型存储库（Data Staging Repository，DataStaR），建设目标是一个过渡性数

据监护平台和一套完整服务方案；CALIS 三期项目中，武汉大学图书馆开展的科研数据服务明

确定位为试点项目，从试点院系选择、软件选型、服务项目设计各方面均确定了有限目标，并

明确告知用户。 

课题为便于讨论，本研究将目标定位于通过一系列建设工作，最终要能向校内所有师生甚



至校外用户提供覆盖科研项目生命周期的全方位服务。在这个总目标之下，我们分解为若干原

则，便于逐条对照制定服务建设路径。 

I. 按需供给原则 

按需供给是服务建设的总原则，体现的是一种服务意识，“需要什么给什么”把科研人员是

否需要作为判断服务能否开展并继续下去的唯一标准，a 总体上科研人员需要什么服务就开展

什么服务；b 所有科研人员最迫切需要的服务最先开展；c 科研人员暂时不太接受的服务缓一缓；

d 从个人来讲按需供给就是个性化服务，通过总体上提供菜单式的若干服务选项，针对每位科

研人员、每一项科研课题，由科研人员自由选择相应服务。 

II. 分步实施原则 

提供科研数据服务是一项系统的工程，涉及方面甚广，从总体上划分若干阶段，逐步展开

相关工作，有利于项目有条不紊的实施。 

III．分类开展原则 

针对高校若干类别的项目，纵向课题、横向课题、校内课题、自筹经费课题、本硕博毕业

论文等，每一类项目其科研数据服务需求都是不一样的，很难有一个统一的模式，需要针对不

同类别项目区别开展服务；高校科研数据服务客体包括教师、学生、校外人员，每类人需求也

有所差异，服务建设也要有针对性。 

IV．分层推进原则 

根据科研数据服务的支撑层、基础层、增值层，逐层推进相关服务有助于服务稳步开展。 

V．由易到难原则 

一项服务的开展是否顺利一方面取决于是否存在需求，另一方面与服务提供者也有很大关

系，开展科研数据服务不得不考虑科研数据服务团队的业务娴熟程度，科研数据服务从无到有

对相关提供者是一个巨大的考验，因此有必要适当兼顾服务团队，优先开展难度较低的服务项

目，随着服务逐步成熟，再行提供较难的服务。 

VI．逐步深入原则 

从科研数据服务介入科研项目的程度来讲，介入越深的服务，越是个性化的服务，需要的

人力、专业要求都越高，因此在服务开展的初期以提供共性化的基础服务为主，后期逐步深入

提供增值服务。 

②国内高校开展科研数据服务工作的路径框架 

在前述原则指导下确立的科研数据服务建设路径分为如下 5 个阶段： 

I. 前期调研论证阶段 

这部分工作进行的好坏直接关系到后续工作的开展。这部分的主要工作依次是需求分析、

政策调研、案例调研、经费预算，在此基础上对科研数据服务建设项目可行性做出合理评估，

如果有必要建设，那么一份总体建设方案可以看作是这一阶段的成果。 

II．基础设施建设阶段 



基础设施建设是后续服务正常开展的保障。基础设施建设阶段的主要工作依次包括团队建

设、政策制定、平台建设，完整的团队、齐备的政策、运行稳定的数据服务平台是这一阶段工

作结束的标志。 

III．服务试用调整阶段 

对于一项新的科研支持服务，试用调整阶段是一个缓冲润滑剂。在广泛推广之前，优选重

要性较低、推行难度不大、总量适度的项目（如教师的校内课题）提供试用服务，这一阶段开

展的科研数据服务依次包括数据咨询、数据发现、数据计划、数据存档、数据发表、数据共享

这六项服务，除数据咨询服务，其它五项服务都是基础层服务，与数据平台密切相关。通过试

用阶段充分暴露服务问题、并加以调整解决，为后续服务全面开展做好储备。 

IV．服务全面推广阶段 

在人员、平台、资源、政策、技术调整到位的基础上，面向全校师生、所有课题（包括学

生毕业论文）全面开展科研数据服务，这一阶段一方面做好服务试用调整阶段已经在开展的服

务工作，另外还需开展数据推广和数据素养教育服务。 

V．服务深入科研阶段 

随着服务的全面推广，数据服务人员业务技术已经较为纯熟、数据平台已经逐步稳定、政

策制度也已经相当完备，并且逐步形成了较为合理的科研数据服务模式。在这样的前提下，可

以依次逐步开展科研数据增值服务，具体包括科研数据代检/代申、科研数据计划代写、科研数

据采集生产、科研数据评估/筛选、数据分析等服务。并且服务可以逐步向校外科研人员开放。 

（2）国内高校科研数据服务建设的主要工作 

①科研数据服务需求调研 

I．明确科研数据服务需求调研的目标和基本原则 

了解科研人员真实需求是开展科研数据服务的前提和基础，是开展科研数据服务必不可少

的环节。陈大庆在调研英美 30 所高校科研数据服务的基础上构建了高校科研数据服务路线，其

第一步是进行需求评估，他认为“评估科研人员的数据管理需求及行为有助于确定制定数据管

理政策的必要性、使用的数据管理工具的类型、数据基础设施建设的投入力度、数据管理培训

的侧重点、数据管理服务的具体内容等。” 

需求调研的主要目标无外乎描述事实、解释现象、预测未来，科研数据服务需求调研的目

标通常定位为“分析研究人员的数据管理需求，找出当前的现状和你期望的研究数据管理服务”。 

科研数据服务需求调研需要符合的基本原则大致有三项：a 客观性原则，是指科研数据服

务需求调研过程中收集资料、分析资料以及得出结论都不掺杂研究者的主观因素；b 科学性原

则，是指科研数据服务需求调研必须借助各门科学研究的有关成果，并建立起具有自我规律的

体系；c 系统性原则，是指科研数据服务需求调研要从系统的角度出发，进行全面和充分的分

析。 

II. 确立科研数据服务需求调研的内容和分析框架 



i. 明确科研数据服务需求调研的内容 

科研数据服务需求调研的内容大致可分为四类；a 科研活动现状情况，通过对科研背景、

科研项目情况调研有助于从总体上把握高校总体科研活动的规模、层次、特征，更深入理解高

校科研数据和数据服务特征；b 科研数据工作现状，作为科研活动的一部分，直接针对数据获

取、数据处理、数据工作执行情况进行调研，整体把握科研数据相关工作现状；c 科研数据素

养现状，认知和技能决定行动，对数据认知和数据技能现状进行调研，有助于理解科研数据工

作现状和科研数据服务需求；d 服务项目需求，从培训需求、服务需求、其它需求三个方面直

接调查科研人员的期望。 

ii．建立科研数据服务需求分析框架 

科学的方式和方法有助于提高研究成果的可信度，有关科研数据服务需求，国外已经形成

了数套成熟的整体解决方案，课题将其称之为“分析框架”，每个分析框架都包括了科研数据服

务需求分析所要用到的各种方法、具体操作流程等内容。反观国内相关研究，多数仅是对调查

问卷结果的统计分析，并没有形成系统的需求识别方法和流程。 

实际操作中，首先要分析自身具体情况，作出预判，其次再根据预判优选成熟的科研数据

服务需求分析框架，最后对所选择的需求分析框架分析框架做出适当微调，最后形成自己的一

套分析框架。 

②基础资源建设阶段的工作 

I. 科研数据服务团队建设 

通过基础调研阶段的可行性论证，科研数据服务进入基础资源建设阶段，这个阶段最先开

展的工作就是团队建设，确定了团队才能逐步开展后续工作。 

i. 确立图书馆作为统一向科研人员提供科研数据服务的窗口部门 

纵观国外成熟经验，美国、英国、澳大利亚等国高校科研数据服务多由图书馆提供（分两

种形式，一种图书馆独力开展，另一种其他部门协助图书馆开办），概因图书馆一直以来通过提

供文献资源服务于教学和科研，数据资源与文献资源有很多相似之处，图书馆拥有经验丰富的

人力资源，并且和科研人员建立了密切的联系，具有开展相关服务的天然优势；另外从国外实

践来看，提供科研数据服务离不开一支专业的、训练有素的团队，多数欧美国家都在图书馆设

置了专业数据馆员、数据专家，由于科研数据服务涉及面甚广、对服务人员的知识储备和操作

技能有很高的要求，缺乏相关知识技能将在很大程度上制约服务的开展。 

ii．确立科研数据服务团队架构 

科研数据服务是一个系统而庞杂的服务，涉及到学校多个部门，离开他们的支持，服务举

步维艰。结合国内高校的实际运作情况，本课题提出了高校开展科研数据服务的团队架构，整

个架构含决策层、管理层、支撑层、窗口层四层结构。这种复杂的架构在当前国内高校治理现

状下，有助于新服务工作的开展。 

iii. 明晰团队成员的分工 



作为一个复杂的团队，清晰的分工是避免内耗、顺利开展工作的重要保证。因此有必要对

科研数据服务领导委员会、科研数据服务协调办公室、政策标准组、数据平台组、数据服务组

这五个机构的角色、人员构成、主要工作内容做出明确规定（表 2.1），其中科研数据服务领导

委员会是服务决策部门、科研数据服务协调办公室是服务管理部门、政策标准组和数据平台组

是服务保障部门、数据服务组是直接面向科研人员的一线服务执行部门。 

表 2.1 高校科研数据服务团队相关机构、角色、人员构成、主要工作内容 

机构 角色 人员构成 主要工作内容 

科研数据服务

领导委员会 
服务决策部门 

主管副校长、图书馆负责人、科

技处负责人、信息(IT)部门负责

人、相关职能部门负责人、院系

负责人、科研人员代表 

不定期召开会议，对政策、

平台、人员、经费、服务等

重要事项进行表决 

科研数据服务

协调办公室 
服务管理部门 图书馆人员（设置在图书馆） 

全面领导和协调科研数据服

务相关工作。 

政策标准组 服务保障部门 
图书馆人员、科技处人员、相关

职能部门人员 

调研并持续关注国内外相关

政策和标准、制定和更新政

策和标准 

数据平台组 服务保障部门 图书馆技术部人员 负责数据平台的建设和维护 

数据服务组 服务执行部门 图书馆服务部人员 
直接面向最终用户负责具体

服务开展工作 

II. 科研数据服务相关政策规范建设 

在服务团队确定以后，首要任务就是制定相关政策规范，在规范确定以后，其它工作的开

展才有据可循。 

本课题从总体上列出了高校科研数据服务主要政策规范框架（图 2.5），包括总体政策、数

据资源政策、数据服务规范，其中总体政策是一些宏观的规范，数据资源政策包括数据标准、

数据存储、数据传播、数据安全等规范，数据服务规范是对具体服务工作的约束。 



图 2.5 高校科研数据服务主要政策规范框架 

III. 科研数据服务平台建设 

科研数据服务平台建设是基础资源建设阶段很重要的一环，平台建设直接关系到相关信息

的传递、数据资源的展示、数据服务的推广，关系到用户数据服务的操作和申请，数据平台还



关系到服务人员服务工作的开展是否方便。平台建设的方式包括： 

i. 自建平台 

对于服务量达到一定规模的高校，可以优选成熟的开源软件，在其基础上按照需求进行二

次开发。目前已经形成了很多开源平台，如 Dataverse、Data conservancy、CKAN、Dryad、PURR、

ICPSR、Genbank、Figshare、Nesstar；多数高校在实践中都是基于开源软件进行二次开发，以

此为基础建设数据服务平台。 

ii．联合开放 

为节约经费，也为提供数据平台的使用效率，合作共建数据存储服务也是一个不错的选择。

如哈佛—麻省理工数据中心（Harvard-MIT Data Center，HMDC）就是由两所学校联合建立的数

据仓储中心； 

iii．其他方式 

对于服务量较小的高校可以灵活处理，采用租用他校平台、推荐公用平台等方式解决平台

问题。在已经开展科研数据服务的高校中，就存在一些学校没有建设数据服务平台，转而向研

究人员推荐外部仓储； 

无论是那种方式，在平台的规划、选型和建设中一定要注意数据平台的功能是否完善（图

2.6），科研数据服务平台主要功能模块应该包括业务层和应用层。业务层面向服务人员，作为

服务人员开展工作的平台；应用层则需要包括面向大众和面向个人两个模块。 

图 2.6 科研数据服务平台主要功能模块 

③科研数据服务开展阶段的工作 

由于在前文的论述中，已经或多或少提及科研数据服务的供给内容和方式，此处仅在前文



的基础上做一些补充和深化。 

I．数据推广服务 

数据推广服务，直白的讲就是宣传工作，对于国内高校而言，科研数据服务仍然属于一个

新生事物，借助主页、海报、Email、微信、微博等一系列宣传手段让科研人员知道科研数据服

务的存在，进而逐步培养科研数据服务意识，激发科研数据服务需求，这是相关服务工作得以

顺利开展的重要保证。 

II．数据素养教育 

数据是一类特殊的信息资源，数据素养教育的方式可以是开设课程、讲座、培训等。对于

教师和专兼职科研人员开设讲座和短期培训是比较合适的方式。对于博硕士研究生，数据素养

教育可以作为信息素养教育的一部分，直接嵌入到信息素养教育课程中去。 

III．数据咨询服务 

数据咨询服务的模式通常是科研人员提出问题，由科研数据服务人员借助先进的手段和科

学的方法，提供专业的建议或解决方案。数据咨询服务的途径可以是电话、Email、在线咨询、

FAQ 等各种方式。 

IV．数据发现服务 

数据发现是促进科研数据重复利用的重要环节。数据发现的主要方式包括数据导航、数据

推送、数据检索、数据代检、数据代申等。数据导航是指利用网页形式组织和揭示科研数据；

数据推送是指主动通过 Email 等方式有针对性的向科研人员发送相关科研数据信息；数据检索

主要是指在数据服务平台上设置检索功能和接口；数据代检/代申是指主动介入科研人员项目，

帮助科研人员代为检索和申请数据。 

V．数据计划服务 

数据计划服务主要是指向科研人员提供数据计划撰写指南、数据计划撰写工具，进而帮助

科研人员确定数据库类型、数据组织方式、元数据标准、数据保存和共享计划等；另外，数据

服务人员也可直接帮助科研人员代写数据计划。 

VI．数据存档服务 

存档服务包括数据的短期暂存和数据长期保存。数据存档服务应当按照科研的情况和数据

服务相关政策制度要求，针对原始数据、中间数据、结果数据分别提供不同的存储策略。 

VII．数据发表服务 

数据发表是数据共享的前提，数据发表包括数据上传、数据可视化、文献互链、数据注释

等服务工作。数据上传是指将科研数据上载到数据平台；数据可视化是指借助现代计算机技术

将数据资源以图形图像等媒体技术展示给科研人员；文献互链是指将科研数据与科研文献建立

关联；数据注释则是对数据解释和说明工作。 

VIII．数据共享服务 

有关数据共享服务的工作包括协助科研人员制定共享策略，确立科研数据共享时间、共享



范围、共享方式；数据共享服务还包括提供在线申请、处理数据申请、提供数据引用服务等工

作。 

IX．数据采集/生产服务 

从数据生产的源头上介入有助于从根本上提升数据质量，数据采集/生产服务正是出于这个

目的。如协助科研人员创建数据收集模板，对数据格式、精度、注释等做出详细得约束，确定

元数据标准也是数据采集/生产服务的一个主要方向。 

X．数据分析服务 

数据分析是未来科研数据服务的一个主要增长点，软件和工具不断推陈出新，科研人员的

时间精力是有限的，借助科研数据服务人员对数据进行专业分析是一个不错的选择。数据分析

可以是统计分析、定性分析、空间分析等。 

XI．数据评估/筛选服务 

科研人员在获取和处理数据的过程中，时常需要做出判断，例如数据价值大小，数据需要

保存多久等。科研数据服务人员可以帮助科研人员制定数据保存期限策略，还可以按照数据质

量标准对科研数据的质量和价值做出评估和筛选。 

3 结论与建议 

国外长期以来更多的关注科研数据共享和科研数据管理领域，有关研究已经较为成熟，近

年来也出现了不少有关科研数据服务的研究，但其中不少关注的是科研数据管理服务（并非完

整意义上的科研数据服务），国内相关研究多数是对国外理论研究和实践探索的跟踪，有关科研

数据服务的研究也少于科研数据管理和科研数据共享，因此科研数据服务研究总体上较为落后，

并不成体系。 

正因如此，课题在搜集、整理、分析相关文献和资料的基础上。采用文献调查法、文献统

计分析法、对比分析法等方法，从高校提供科研数据服务的必要性、高校科研数据服务模式、

高校科研数据服务建设路径三点入手，对高校科研数据服务相关问题展开了系统探讨。科研数

据服务归根结底可以理解为高校的一项科研支持服务，课题力图站在更高的一个视角，立足科

研数据服务、吸收科研数据服务理论和实践研究成果，但又跳出科研数据服务的事务性工作，

从总体上把握科研数据服务。 

课题首先对科研数据概念、科研数据特征和分类、大数据时代科研人员对于科研数据的获

取和处理等分别进行探讨。其次本课题对科研数据服务的概念、科研数据服务的客体和特征、

科研数据服务的服务项目内容和方式、科研数据服务的内容分层、高校科研数据服务模式分别

展开研究。最后本课题对推进科研数据服务工作的总体目标和原则、高校开展科研数据服务工

作的路径框架、高校科研数据服务建设部分关键措施进行探讨。 

研究过程中的不足，①科研数据服务选题涉及管理学、图书情报学、信息技术/计算机、行



为学、营销学等学科，这一选题于我还是很有挑战性的，限于时间和精力，在需求调研、团队

建设、政策规范建设、数据平台建设等多个问题上都是简单阐述，研究不够深入；②研究的过

程是一个螺旋式上升的过程，随着研究加深和论文推进，有些观点不断调整，最后限于时间和

精力，只能做适当调整，带来部分内容说理不够透彻。 

在许可的情况下，未来将继续沿着这个思路继续深入一些问题，①国外的研究热衷于总结

出各种模式、框架等，沿着这一思路，未来可以深化文章中所有的模式、框架，使之更为合理；

②相比与基础服务、支撑服务，增值层的服务直接嵌入到科研活动过程当中，这部分研究也是

较少的，可以继续进一步深化；③有关培养和激发科研数据服务需求的研究，科研人员由于多

种原因不了解科研数据服务，或者不愿意使用，最后导致科研数据服务需求不足，如何通过一

系列措施将科研人员潜在的科研数据需求激发出来是一个具有实践意义的选题。 

4 项目成果（发表的文章、开发的软件、取得的实践效果等） 

在项目研究及建设过程中，课题组成员以课题研究为基础，已发表学术论文 1 篇，并被 SCI、

EI 收录检索，具体发表文章信息如下： 

Zhang, JJ & Chi Y. Data Management and Service Mode of Library Based on Data Mining 

Algorithm[J]. Scientific Programming, vol. 2022, Article ID 2414830, 2022. 

SCI、EI 检索报告如下： 
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Data management for large-scale data library services with mining procedures improves the availability and readiness of
heterogeneous sources. �e heterogeneous data sources are assimilated as a single entity through mining procedures to meet the
data demands. �is article introduces connectivity-persistent data mining method (CDMM) to improve the data handling
precision with boosting availability. �e proposed method relies on federated learning for identifying the service demands,
thereby providing data mining. �e learning paradigm accumulates information on shared data library existence over various
services. Based on the availability, further mining demands are forwarded to the data management system. If the existence veri�ed
by the federated learning is adaptable, then sharing-enabled mining is endorsed for the connected users. �e data management
then augments several heterogeneous shared libraries to meet the mining requirements. �is process is reversible based on the
service mode and existence. �erefore, the proposed method improves data availability with less mining and access time and
fewer failures.

1. Introduction

Data mining is a process that extracts certain patterns and
useful details from a large set of data. Data mining provides
the necessary set of data for the analysis process. Various
methods and techniques are used to perform the datamining
process. Data mining is a complicated task in every appli-
cation [1]. Data mining also identi�es the problems iden-
ti�ed by the data analysis process. A data management
system for mining services is a crucial task that manages a
huge amount of data. Data management is a process that
protects, store, collect, organize, and manage data that
provide an appropriate set of data for various processes [2].
Data mining services are a process that converts the raw data
into a useful set of data that is used for further processes.
Various management services are used for the data mining
process using the machine learning (ML) approach [3]. A
data management system improves the performance and
e�ciency rate of the system, improving the accuracy rate in
the decision-making process. Data management systems

manage the data collected by an application and organi-
zation. Storing and managing a data management system is
mostly used for data mining. Data mining services and
details are handled by a management system [4, 5].

Various data mining types are available to identify the
dataset’s important patterns. An organization widely uses
the service demand-based data mining method. �e data
mining process plays a major role in every organization that
helps enhance an organization’s performance and feasibility
[6]. �e organization gives requirements and preferences
that provide a set of demands over the data mining process.
�e service demand-based data mining process provides an
accurate dataset for the decision-making process that re-
duces the failure rate [7]. Organizations demand a certain set
of services for the data mining process. �e real-time data
mining process is a complicated task to perform in every
management system [8].�e classi�cation method is used in
the service demand-based data mining process. �e classi-
�cation method classi�es the dataset by combining it with
given service demand. Various demands and requests are
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demanded by an organization for the data mining process.
Companies and industries demand a certain set of services
that improve the accuracy rate in the data mining process
[9, 10].

Machine learning (ML) techniques are widely used for
various applications to perform prediction and analysis. ML
techniques improve the accuracy rate in both the analysis
and prediction process. ML techniques are also used in data
mining to enhance the service accuracy rate. ML technique-
based data mining process identifies the important features
and patterns from a huge set of data [11, 12]. (e con-
volutional neural network (CNN) algorithm is commonly
used for data mining. (e feature extraction process is used
in CNN to extract the features presented in a given raw
dataset [13]. (e classification process classifies the features
extracted from the feature extraction process. CNN predicts
the actual data necessary for an application [14].(e support
vector machine (SVM) algorithm is also used for data
mining. SVM first trains the dataset with an important set of
features collected by the analysis. SVM reduces the latency
and error rates in the computation process, which improves
the efficiency rate of the system. (e data analysis process
analyzes the raw data stored in the database [15]. (e main
contribution of CDMM is as follows.

(i) (e suggested method focuses on federated learning
for recognizing the service requests and conse-
quently enabling data mining. (e learning para-
digm accumulates information about shared data
library presence over numerous services.

(ii) (e data management then augments numerous
heterogeneous shared libraries to match the mining
needs.(is process is adjustable based on the service
mode and existence.

(iii) (erefore, the suggested strategy improves data
availability with less mining and access time and
fewer failures.

2. Related Works

Huang et al. [16] introduced a new algorithm for fast mining
frequent patterns using a distributed computing system. Fre-
quent pattern mining identifies the important patterns that are
presented in a given dataset and reduce the latency rate in the
analysis process. (e big data analysis process is used here to
analyze the huge amount of data and produce an optimal
dataset for further data mining. (e proposed method im-
proves the accuracy rate in the execution process, enhancing
the system’s performance. (e proposed method reduces time
and energy consumption in the execution process.

Xie et al. [17] proposed an information filtering and
mining method for big data analysis. A support vector
machine (SVM) algorithm is used here to analyze the data
necessary for the mining process. (e proposed method is
mainly used for the retrieval process that retrieves educa-
tional images. Certain features and patterns are identified by
filters that produce an optimal dataset for further analysis.
(e proposed method improves the performance rate and
efficiency of the system.

Obregon et al. [18] introduced the data mining infor-
mation as a flow method for social networking services
(SNSs). (e proposed discussion flow model identifies the
data and provides appropriate details for the data mining
process. Data mining captures interaction among commu-
nities, producing effective information about discussions.
(e proposed method enhances the feasibility and reliability
of the system. (e proposed method reduces the complexity
rate and improves the mobility rate of SNS.

Bhattacharya et al. [19] proposed a mobile blockchain
(MB) based data mining method as-a-service (MB-MaaS)
for the Industrial Internet of (ings (IIoT). MB is used here
to enhance the effectiveness of rata in the analysis process.
(e proposed method identifies the group discussion and
interaction of users in IIoT. (e experimental results show
that the proposed method achieves a high accuracy rate in
the mining process, which improves the system’s
performance.

Zhang et al. [20] introduced a massive data mining-
based method for mobile libraries. (e filtering technique is
used here to filter the candidate’s available datasets in mobile
libraries and produce a feasible set of data for further
process. (e Apriori algorithm is used here to provide
optimal rules for the candidates, reducing unnecessary
problems in the management system. (e proposed method
reduces energy and time consumption in the computation
process. (e proposed mining method also improves the
execution time of the system.

Dhelim et al. [21] proposed a personality-aware hybrid
filtering-based mining method for a social network. (e
personality filter first filters the traits and personalities of
users and produces necessary information for the mining
process. (e data analysis process collects the data available
in a social network that provides appropriate data for the
mining process. (e proposed method maximizes the ac-
curacy rate in the data mining process that provides ap-
propriate services to the users.

Wang et al. [22] introduced a new framework for library
services and immigrant needs. (e proposed framework
identifies the cause of problems that are occurred in libraries.
Social networks provide necessary information about the
candidates, reducing the time consumption rate in the
searching process. Finally, the proposed framework provides
various guidelines and rules for libraries that improve the
appropriate services to the users.

Xiao et al. [23] proposed a fine-grained sentiment
analysis-based preference mining method. (e sentiment
analysis approach finds out the important emotions and
characteristics of users. User features are identified by a
pretraining language model that produces a feasible set of
data for preference mining. Both numerical and text-relation
information is analyzed by preference mining, reducing the
execution process’s latency rate. (e proposed method
achieves a high-performance rate in providing services for
the users.

Peng et al. [24] introduced a fuzzy convolutional neural
network (FCNN) based on big data mining and analysis
(BDMA). (e feature extraction approach is used here to
extract the important features available in the dataset.
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(e feature extraction method collects an appropriate
dataset for the big data analysis. (e FCNN algorithm is
mostly used for the recognition process that enhances the
system’s feasibility. (e proposed method maximizes the
system’s effectiveness and efficiency rate, improving the
accuracy rate in the big data analysis process.

Alkathiri et al. [25] proposed a multidimensional data
mining method using the MapReduce technique for a dis-
tributed environment. (e MapReduce technique is used
here for the ecosystem data analysis process that finds the
features presented in a given dataset. Machine learning (ML)
techniques are also used here to enhance the system’s fea-
sibility. (e proposed method reduces the error rate in the
data mining process, improving the system’s performance.

Deng et al. [26] introduced a jointed neural network-
based multimedia data stream is an information mining
model. (e soft clustering technique is used here to cluster
the huge data available in the database. A joint neural
network is implemented here to train the dataset necessary
for the data mining process. (e proposed data mining
approach addresses the problems presented in an applica-
tion. (e proposed model achieves high efficiency and ef-
fectiveness rate in the mining process.

Ju et al. [27] proposed a data mining-based commodity
recommendation method for online shopping. (e pro-
posed method is mostly used in e-commerce and online
shopping applications. (e commodity recommendation
method identifies users’ preferences, requests, and browsing
history that provide relevant details for an application. (e
data mining approach analyzes the given set of data and
produces a feasible set of data for the recommendation
process. (e proposed method improves the performance
and feasibility rate of the online shopping system.

Zhou et al. [28] introduced a new data mining approach
using particle swarm optimization (PSO)-based back-
propagation (BP) neural network. Internet of(ings (IoT) is
used here to enhance the communication process among
users and organizations. PSO is used here to train the dataset
necessary for the data mining process. IoT collects real-time
data that users produce. (e proposed method increases the
accuracy rate in the prediction and analysis process.

2.1. Proposed Connectivity-Persistent Data Mining Method.
(e data source repository is the maintenance of databases
by collecting data from multiple sources meeting the ob-
jective function. It is a database infrastructure that aggre-
gates, manages, and stores datasets mined for data analysis.
It makes sharing data easier by managing it and maintaining
metadata for the study of data. (e aggregated data are
reviewed for the type of data based on which the data are
stored. (e data in the repository are loaded with an in-
creasing volume of data. In Figure 1, the proposed method is
illustrated.

Service mining is influenced by federated learning to
validate its existence for further sharing. (is learning
further operates on different service demands. If any defi-
ciency is found, a data management system ensures data
existence and availability for varying users (refer to

Figure 1). (e request-based services from users are gen-
erated in a particular time slot where the total number of
requests r from the users is denoted asωr(t). (e request
from the users allocated to the data source repository s is
denoted ascrs(t). crs

max be the number of maximum re-
quests from users to the data source repository as shown in
the following equations:

ωr(t)≤Rr
max

, t ∈ [1, ], (1)

ωr(t) � 
S

crs(t), t ∈ [1, τ]. (2)

To handle the requests, the capacityμs(t) of the data
source repository with its pricing ρs(t) of data to be pro-
visioned is calculated. (us, the costz(t) of the data source
repository for the request is obtained from

z(t) � 
s

μs(t).ρs(t). (3)

(e delay in addressing the request to the data source
repository based on the quality of experience is calculated
considering the network and queuing delay. (e following
equation denotes the delay of the network:

s � snw + sqe. (4)

(e network delaysnw and the queuing delaysqe to fulfil
the request depending on the factors such as transmission
delay and propagation delay. (e queuing delay is obtained
from the workload network delay on the distance between
the user and the data source repository. (e delay in
making a decision incurs further delay, which is repre-
sented assdm:

χs(t) � 
βs(t)

snw+ 
βs(t)

sqe + sdm (5)

χs(t) � crs(t)snw(r, s) + 
βs(t)

sqe + sdm.
(6)

From 5the above equations, βs(t) is the request allotted
to the data source repository. (e network delay for the
request is assnw(r, s) � p.(srs)

v. srs is the distance between
the user request to the data source repository. p, v are the
parameters considered to scale the distance andmaintain the
function’s convex property. (e decision-making based on
the delay factors for data existence verification is presented
in Figure 2.

(e user requests are influenced by
μs(t)and s such thatωr(t) is sustained for the entire alloca-
tion intervals. (e data availability and existence are verified
∀Interval ∈ (1, n)such that rrs

max is satisfied. (e learning
process relies on χs(t)such that snw an d sque are distin-
guished for their existence (Figure 2). (e queuing delay for
the request allocated to the data source repository is ob-
tained using the following equation:


βs(t)

sqe � max Ks(t) − ρs(t)μs(t)σ, 0 .
(7)
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(e workload to be processed is represented as Ks(t) for
the data source repository at a particular time slot. (e
service time provisioned by the data source repository al-
lotted for the request is given byρs(t)μs(t)σ. From (7), the
deficiency of the service time at the data source repository is
obtained bymax [Ks(t) − ρs(t)μs(t)σ, 0]. (us, the upcom-
ing request from the users must have to wait for their request
to be processed. To maintain fair processing of request based
on the heterogeneity of the data, the quality of experience by
the users is calculated by considering the tolerable delay and
the actual delay. (us, it can be defined as in the following
equations:

ψ(ζ, ϕ) �
ψmax

ϕ(a − 1)
[a.ϕ − ζ], ζ > ϕ, (8)

ψ(ζ,ϕ) � ψmax, ζ ≤ϕ, (9)

ψ(ζ, ϕ) � 0, ζ > a.ϕ. (10)

From the above equations, the tolerable delayϕ and the
actual delayζ of the request in a particular time slot are
represented withψmax. (e above equations denote the
quality of experience by parameterψmax. (e user is pro-
cessed before a tolerable delay, and then, the requests from
the users are mentioned withψmax. If the request is not
processed within the tolerable delay, then it is considered
that the users are not fulfilled and the waiting time of the
users is expired, and a is the parameter that mentions the

rate of declination representing the quality of experience.
Based on the conditions above, the quality of experience by
the user request in the data source repository within the time
slot is defined by

ds(t) � ψ ζs(t), ϕ( . (11)

Based on the above estimation, the validations (8), (9),
and (10) are performed using the federated learning model.
(is is depicted in Figure 3.

(e learning induces multiple ψ as defined in (8), (9),
and (10) for differentωr(t). Based on the sharing output, user
service mining and allocations are performed. (is re-
quirement is fulfilled based on the availability factor. (e
delay and existence impacts are mitigated using the maxi-
mum sharing ratio and learning implication (refer to
Figure 3).

2.2. Learning Implications for Data Management.
Federated learning is a technique where devices are
decentralized with collaboration processing service demands
considering user requests. (e networks with several users
have been partitioned based on their interests. (is number
of users share the data among themselves. Data resembling
common interests among the users have been identified to
verify the available data. If similar data are available, then the
data are shared in a decentralized manner. (e model with
users U1, ....Un  and their data is I1, ...., In . (ese users

User
Requests

Services
Allocation Data

Availability

Demands

Interval 1

Exitence

Interval 2

Data Management
System

Figure 2: Decision-making for data existence verification.

Data Source Repositories

Services

Mining

Transfer
Learning Data Existence

Sharing
CDMM

Data ManagementService Demands Availability

User Data

Figure 1: Proposed method illustration.
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with the data information collaborate to identify the exis-
tence of data. (e users in the network are combined with
the data I � I1 ∪ ....∪ In , which is used to train the model
M.

(e users in the network share this model used for
training; for each new data in the network among the users, a
common interest procedure is to be followed. In the pro-
posed, horizontal federated learning is considered where the
users in the network communicate with each other to update
the model M.

Based on the data from the users, a common interest
group is created, enhancing network efficiency. (e users in
this group have their data. By aggregating the data from all
the members, a dataset is generated. (us, each common
interest group maintains its own set of data within it. If the
user in the network wishes to leave the common interest
group, the user may leave with the data. Contrarily, if a user
wishes to join the common interest group, the data are
verified by some users in the common interest group for the
relevant data. Each common interest group has its reputa-
tion for maintaining relevant or accurate data. (e rewards
are shared among the users in the common interest group
based on the size and the relevant data they offer.

(e common interest group in the network with model
M., the number of users in the common interest group, update
their model M. (e proposed model improves when the
users join the common interest group, so the data availability
for the users also improves. Each user in the common in-
terest group is provided to access the shared model M. (e
users use the model to calculate the existence of data by
finding the similarities between the requested data by the
users and the availability of data in the common interest
group. A cosine similarity index is used to find the poten-
tiality of the data by identifying the similarities between the

requested data and the available data, as shown in the
following:

cos θ �
τ→. κ→

τ→ κ→
. (12)

(e availability of data is accepted only when most
users in the common interest group find the resemblance of
data between the requested data and the available data. (e
users in the common interest group are provided with
rewards based on the amount of data that is being made
available. (e users in the common interest group must be
made available with some sort of data by generating the
data and updating the model M. Else, the user in the group
might be expelled from the group. (e users are requested
to maintain some sort of space for the data allocation. (e
data from other users in the common interest group are
stored in the maintained space. (e subset of the data sent
to the other users in the joint interest group is checked for
relevancy. (e data are verified whether it remains fixed to
maintain the data within the common interest group. It
asks for recommendations from common interest groups
to ensure the availability of the data. Each user is provided
with some functions to maintain the reliability of the users
in the common interest group. Each user interacts with a
common interest group; the data are shared with its
functions key. Suppose these function key does not match
with the available function key list. In that case, a warning
update is provided, which is shared with model M. On
receiving this model update, all the users in the common
interest group verify its function key. If the function key
fails, the corresponding user is removed from the common
interest group. (e learning process forM in maximizing
data sharing for different mining requests is presented in
Figure 4.

Data Management
System

Availability

Sharing

Learning

Services

....

....

ψ

Figure 3: Federated learning model for service experience.
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(e management system eyes on M for different ψ such
as sharing for availability and existence. (is M is modified
based on cos θ such that service responses are granted with
better mining outcomes. (e allocated requests are granted
from the mining demands (Figure 4). Once the existence of
data is verified with the cosine similarity, it is allocated for
the request placed by the users in a particular time slot.
Suppose the requested service is not available within the
common interest group. In that case, a service demand is
placed upon the request based on which, using the federated
learning, the service demand is addressed. (e data man-
agement system using federated learning enables the storage
facility to enhance the network performance minimizing the
access time. It is designed to operate asynchronously,
making the proposed technique more flexible. It maintains a
model at both the data source repository and the user side.
On registration of users with the data source repository, a
global model is designed. Using this global model, the data
management makes arrangements for a suitable space to
store the data based on the request. If the available storage
space is enough, then the version information with the
model data is stored. If the higher data version is available,
then the model is updated. It gets updated to the advanced
version from the existing version of data. (e data source
repository has the privilege of designing its global model and
sharing it with the users. On sharing the global model, the
local model gets updated. (e version of the global model is
initially checked before updating the local model.

(e user requests the data source repository by
importing the global model data based on which the local
model data are generated. In the absence of a request from
the user regarding the version update, the data management
system monitors the version and sends the update to the
users. (e data source repository aggregates the updated
local model from users concerning the corresponding ver-
sion of the global data. It maintains the aggregation until
adequate quality is obtained.(is proposedmethod, namely,

connectivity-persistent data mining method (CDMM)
managed by storing the characteristics of data from the users
where the requests are stored. (e data source repository
uses this information to process the service demands and
allocate the required data. (e requests from the clients
include parameters such as request ID, version of the
models, and device ID. (e request ID represents the
identity of the request where the users and the data source
repository perform a task.

(e data source repository addresses the request of the
users by allocating the data. (e data management system
searches for the data using federated learning and provides
the data to the users. (e version of the global model is used
to update the local model; the global model gets updated by
connectivity between the users and the clients. Based on the
model updates, the users and data source repository manage
the service demands based on the requests. (e device ID
represents the specific ID given to the users. A particular
user can be provided with the requested data using this
device ID.(e corresponding data communication based on
the global and local model is performed with these pa-
rameters. (e proposed method achieves better data avail-
able to the users by reducing the dependency on the
traditional request/service demand withminimal access time
and fewer failures by providing asynchronous peer-to-peer
communication between the users and the data source re-
pository. (e self-analysis for varying capacity, similarity
index, and demand factors is presented in Figures 5, 6, and 7,
respectively.

Figure 5 presents the analysis of cost factors and requests
allocated for the varying μs(t). (is method allocates
ωr(t)∀snwan d sque such that Xs(t) is performed for the in-
creasing mining requests. (e βs(t) is validated based on
ψ(ζ, ϕ) such that ϕ is accounted for maximizing ds(t).
(erefore, the allocations are maximized in intervals∈ (1, n).
(e learning segregates existence and availability for the re-
quests such that 

βs(t)

sque is reduced. (is single factor

Data Management
System

Learning

M

Availability

Existence

Sharing

Similarity
Index

Service
Response

User Experience

....

....

Users

Figure 4: Learning Process forM.
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maximizes the responses by reducing the wait time for which
z(t) is reduced. Based on the χs(t) and learning output, the
further ds(t) is performed. In the process, ψ(ζ, ϕ) is used for
maximizing the allocation.

(e analysis of availability and failure rate for the
varying similarity index is presented in Figure 6. (e
proposed method maximizes availability by reducing cost
and s. In the federated learning for M, βS(T) is maximized
for which existence is verified. If the verification fails, then
∅ is analyzed, and hence, availability is maximized.
(erefore, the allocations are performed to improve the
allocations post cos θ and ds(t). (e failures based oncrs

max

is rectified by assigning z(t)less χs(t) such that new allo-
cations are performed. (e demands are supported in
achieving fair sharing depending on the available sources.
As the sharing increases, the availability is maximized by
reducing failures.

Figure 7 presents an analysis of the existence and
availability of the varying service demands factors. (is
analysis relies onμs(t) and z(t) such that βs(t) is performed.
However, the existence is high compared to the availability
such that ψ determines its allocation. (is is required by the
M for further sharing and cos θ analysis. Based on this,
further, allocation is performed to improve availability.
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2.3. Performance Assessment. (is section discusses the
comparative analysis results of assessing the proposed
CDMM using the dataset [29]. (is dataset contains Flipkart
product data classified under 16 fields for 30K products. (e
mining process is performed by searching a product by its
“ID,” “Category,” “Title,” and “Price Range.” Such queries
are reverted with appropriate “Purchase,” “Description,”
“Offers,” and “Availability” information for 160 users.
Similarly, the services are held for 12–20mins for a user.
From this detailing, the metrics of data availability, mining
time, access time, failure rate, and sharing ratio are com-
pared with the existing UIMS [21], FCNN-DM [24], and
DMFM [16] methods.

2.4. Availability Comparison. (e comparative analysis for
availability is presented in Figure 8 for the varying services
and users. (e proposed method identifies μs(t) for βs(t)

improvements. (is improvement is analyzed∀s in the pre-
allocation andϕ for the tolerable level verification. Based on
these assessments, the federated learning validatesψ andM

individually. (e common outputs are merged across dif-
ferent 

βs

(t) such that availability is maximized. In particular,

the availability is maximized using χs(t) between two suc-
cessive intervals. In the repeated assessment, crs

max is satisfied
using z(t) minimization. (erefore, the conventional request
allocation and service assignments are maximized. In the
mining process, the available resources are shared acrossψ
satisfied intervals. (erefore, the user accessing intervals are
maximized with ds(t) based on cos θ. (is is carried forward
for allχs(t) based on learning outputs. Hence, this proposed
method maximizes data/resource availability.

2.5. Mining Time Comparison. (e proposed CDMM ach-
ieves less mining time for the varying services and users, as
presented in Figure 9. First, the influencing factors for s for
snw andsque is estimated. Based on the delay estimation,
wr(t)is assigned usingμs(t) maximization. In the

consecutive allocations, χs(t)- andM-based federated
learning influences the delay causing factors such that

βs

(t) is

reduced. In the available allocation intervals, χo(t) is the
deciding factor for preventing increasing mining time for
multiple resources. If the service and user concentration
increase, then the ψ factor as in(8), (9), and (10) is assessed
for different ϕ conditions. (ese conditions are based on the
time factor for preventing additional delay, and therefore,
the allocation consecutively aids existence. (is is unani-
mously pursued for ds(t) and βs(t) such thatψ is improved
by reducing delay. Contrarily, for the varying users, μs(t) is
varied such that all wr(t) is allocated from the available
resources. (erefore, the wait time, that is, sque, is reduced,
preventing additional mining time.

2.6. Access Time Comparison. (e access time for the pro-
posed method’s varying users and services is less than the
other methods (refer to Figure 10). (e queuing and mining
time in the proposed method is reduced by assigning βs(t)

based on μs(t). (is is required to improve the wr(t) allo-
cation and processing rate. Based on the allocation capacity
and accessing intervals, the availability is maximized. First, the
snw is reduced by mining concurrent resources across varying
βs

(t) such that crs
max is achieved. Depending onχs(t)∀sdm

and(r, s) the further access grant is provided. In particular,
cos θ using the federated learning is improved fords(t) such
that (β)s (t) is increased. (is is pursued to improve the
existence, wherein z(t) is reduced. However, in the varying
user concentration, ds(t) varies across multiple χs(t) pre-
venting the balance in (r, s). (erefore, snw is also reduced
balancing (ζ,ϕ)∀interval∈ (1, n). (e successful ds(t) is in-
creased for achieving less access time for any service ∀ users in
the same interval.

2.7. FailureRateComparison. (e resource allocation failure
in the proposed method is less than in other methods.
Following the varying services, wr(t)is maximized by
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reducings in the pre-χs(t) assessment. In the learning-based
validation, ψ assessment achieves fairϕ across the varying
users. (is is confined between 1 to n intervals such that
cos θ is the same. If the similarity index is high, then
z(t)-based allocations are performed. (erefore, the maxi-
mum requests are assigned with a resource in the intervaln.
For the varying services, μs(t)is varied for admitting wr(t) in
the continuous intervals. (e proposed method identifies ϕ
in all the assignedn such that ds(t) is maximized. (is is
required for maximizing cos θ, wherein the learning operates
independently. From the M and ψ designed by the learning
model, further allocations are performed, preventing ds(t)

reduction. (is is required for s mitigation and ϕ balancing
between r and s. In the learning output assessment,
z(t)-based allocations are prevented from interfering the
χs(t) a decision such that existence is updated.(erefore, the
sharing (shared) resource augments the demand suppres-
sion and reduces failures (refer to Figure 11).

2.8. Sharing Ratio Comparison. (e proposed method
achieves a fair sharing ratio compared to the other
methods, as presented in Figure 12. (e sharing is

enabled by reducing the delay in queuing, access, and
mining, as discussed earlier. (e χs(t)-varying users
and services are streamlined using the deviating delay
and mining time to prevent additional failures. (e
max [Ks(t) − ρs(t)μs(t)σ, 0] process is responsible for
performing the allocation across different tolerance
factors. In the consecutive resource allocation,ψmax is the
estimating factor for maximizing the sharing ratio. (e
data management is performed for the above factor and
M independently to maximize the mining process. In this
process, the learning for similar features is streamlined
to achieve a high repository allocation level. (e process
is prevented from avoiding requesting fewer allocations
in the consecutive repository mining process. (e col-
laborative allocations are performed for varying services
such thatμs(t) is maximized. In this process, the cost
suppression is maintained such that the delay is also
confined. (e learning process further augments the data
management system for improving the availability and
retaining its existence until the interval ∈ (0, 1). (ere-
fore, the repository is available for varying users and
requests to improve the sharing ratio. (is is not
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Table 1: Analysis summary for services.

Metrics UIMS FCNN-DM DMFM CDMM
Availability 0.66 0.76 0.84 0.942
Mining time (s) 2.328 2.15 1.86 1.48
Access time (s) 2.765 2.456 2.23 1.523
Failure rate 0.161 0.1296 0.0823 0.0634
Sharing ratio 79.45 86.66 92.44 96.34
Inference: (e proposed method maximizes the availability and sharing ratio by 9.43% and 10.16%, respectively. It reduces the mining time, access time, and
failure rate by 10.47%, 12.91%, and 6.09%, respectively.

Table 2: Analysis summary for users.

Metrics UIMS FCNN-DM DMFM CDMM
Availability 0.66 0.76 0.88 0.924
Mining time (s) 2.34 2.015 1.78 1.39
Access time (s) 2.82 2.34 2.05 1.498
Failure rate 0.272 0.177 0.126 0.099
Sharing ratio 79.67 83.45 90.03 95.46
Inference:(e proposed methodmaximizes the availability and sharing ratio by 10.49% and 11.54%, respectively. It reduces the mining time, access time, and
failure rate by 1.068%, 12.57%, and 9.27%, respectively.
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