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填写说明

一、填写本表前，请认真对照人才工作协议规定的聘期工作任务，实

事求是填写表中内容。

二、填写内容须为本人聘期内取得的成果。

三、所有填报业绩均须以海南热带海洋学院为署名单位；项目（国家

级课题）、奖项、论文、专著、专利等成果须以海南热带海洋学院或附属

科研单位为第一产权单位，本人为第一完成人（若协议有特殊约定的，按

照协议约定填写）；发明专利指中国和发达国家非登记制的发明专利；论

文专著限独著、第一作者或通讯作者，非任务论著成果可顺后填写；1项

成果归属限 1人。

四、考核表必须逐项认真填写，没有则填“无”。

五、本表请用 A4纸双面打印，填写不下可加行，但不得改变表格样

式。

六、所在单位须对填报人填写的内容进行核实，审核人签字确认。
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一、个人简况

姓

名
徐岸峰 性别 男

出生

年月
1980 年 1 月

海南自贸港

人才层次
E类人才

聘

期

2023年 8月 25日—
2023年 8月 24 日

所属学科：工商管理

所在专业：旅游管理
联系方式

手机：18604516657
邮箱：xuanfengcn@126.com

专业技术职务 教授 行政职务 所在单位 旅游学院

入校以来年度考核情况 合格

科研启动费

使用情况
立项总额 25 万元 已支出 62，500万元

二、聘期工作总结

本栏主要填写以下内容（不超过 1200字）：

1.聘期内履行岗位职责、完成岗位工作目标和任务情况（包括师德师风、教学工作、科研工作、学科建

设、管理工作、社会服务等）；

2.聘期内取得重要成果的内容、创新点、意义和前景；

3.对比协议工作任务，说明完成情况以及存在的问题。

聘期工作总结

1..聘期内履行岗位职责、完成岗位工作目标和任务情况（包括师德师风、教学工作、科研工作、学科

建设、管理工作、社会服务等）

1.1师德师风

自 2023 年 8 月进入我校工作以来，不忘立德树人初心，牢记为社会主义培养人才的使命，对党的教育
事业的忠诚，认真履行工作职责，严谨治学，杜绝学术不端，创新教学方法。

1.2教学工作

对标旅游管理国家一流专业建设要求，着眼于学生职业发展与社会需求，坚持“以本为本”，坚持“两
性一度”对课程进行深入改造，锻造“价值默会引领、知识有效转化、能力真实形成、心智持续升级”的
一流课程生态体系，获批省级一流课程 1 门、省教育教学改革重点项目 1 项、在教育类北大核心期刊发表教
研论文 1 篇、获第十七届全国商科教育实践教学大赛二等奖 1 项。

1.3科研工作

围绕工商管理学科建设，锚定数字科技驱动服务业创新的理论研究和社会实践，取得了一些列高水平
成果。获得省部级 2 项、地厅级重点项目 1 项；在北大核心和 CSSCI 期刊发表论文 3 篇，在 AHCI/SCI/SSCI
检索期刊发表论文 3 篇，在国家级出版社出版专著 2 部。在已发表论文中 ESI 热点论文 TOP0.1%2 篇、高被
引论文 TOP0.1%3 篇；，获得省社会科学二等奖 1 项，获得海南省第三届研究生导师荣誉称号。

1.4学科建设

积极参与工商管理学科人才团队申报和博士学位授权点的申报工作；引进相关学科博士研究生 3 人。
1.5管理工作

自担任海南省重点智库海上丝绸之路研究院副院长以来，积极参加上级主管单位省社科联组织的各项
活动和会议。以智库考核升级为中心任务，开展有组织科研活动，围绕智库优势不断产出高水平成果，已
通过 2025 年 10 月的考核评估，由“培育”升级为“重点智库”。依托智库平台 2025 年 6 月召开 2025 中-
欧可持续生产运营论坛（2025CEFSPO）国际会议，2025 年 11 月召开第七届中国自贸智库论坛。

1.6社会服务

作为海南自贸港宣讲团成员和当二十届四中全会宣讲团成员，举办多种形式的理论宣讲；向三亚智库

提交咨政建言报告 2 份其中 1 份获得三亚人大主任的批示。
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三、聘期工作任务进展情况

1.教学任务

1、每学年必须主讲 2门本科生课程且周课时不少于 6节，且课堂质量评估良好；
2、指导本科生论文；
3、指导本科生实习见习；
4、担任本科生班主任；

1.1承担课程

课程名称 学年学期 授课学时 学生人数 学生层次

旅游大数据分析 2025-26-1 34 66 本科

旅游大数据分析 2025-26-1 34 82 本科

酒店前厅与客房（理论） 2025-26-1 34 46 本科

酒店前厅与客房（实践） 2025-26-1 34 46 本科

旅游消费者行为 2024-25-2 34 57 本科

旅游大数据分析 2024-25-1 34 52 本科

旅游大数据分析 2024-25-1 34 93 本科

酒店前厅与客房（理论） 2024-25-1 34 45 本科

酒店前厅与客房（实践） 2024-25-1 34 45 本科

服务管理 2024-25-1 34 40 研究生

旅游消费者行为 2023-24-2 34 7 本科

旅游消费者行为 2023-24-2 34 33 本科

旅游大数据分析 2023-24-1 34 130 本科

酒店前厅与客房（理论） 2023-24-1 34 40 本科

酒店前厅与客房（实践） 2023-24-1 34 40 本科

酒店人力资源管理 2023-24-1 34 7 本科

1.2指导学生 指导本科生
毕业人数：8

指导硕士生
毕业人数：0

在读人数：5 在读人数：8

1.3 教 改 项

目、教学成

果、教学奖项

或荣誉等

注明项目成果名称、类型、授予单位、排序、时间。

（1）“跨学科融合视角下海洋型高校创新创业教学模式研究”海南省高等学校教育教学改
革研究重点项目（Hnjg2024ZD-46）海南省教育厅，主持，2024. 6万元
（2）“旅游大数据（赋能创新创业）”海南省第三批本科一流课程，海南省教育厅，课程
负责人，2024.
（3）“旅游接待业”海南热带海洋学院校级在线开放课程，课程负责人，2024
（4）“自贸港跨境电商”海南热带海洋学院虚拟仿真实验，课程负责人，2024
（5）“旅游接待业”海南热带海洋学院课程思政示范课程（RHKSsk2024-13）,主持,2024
（6）“以中国优秀传统文化为课程思政融入点的一流课程创新模式”海南热带海洋学院“三
全育人”综合改革专项（RHDSQYR-2024-06），主持，2024
（7）《旅游接待业》海南热带海洋学院校级教材建设项目，第一作者，2025
（8）第四届全国高校教师教学创新大赛校内选拔赛一等奖，海南热带海洋学院，2024
（9）第十七届全国商科实践教学大赛二等奖，中国贸促会，2025

完成情况自评：完成基本教学工作量、指导本科生论文、实习，担任班主任；承担省教改重点项目 1 项、
获批省级一流课程 1 门，承担校级各类教学项目 5 项，获得行业协会教学成果二等奖奖 1 项，校级教学创
新大赛一等奖 1 项。各类项目合计到款额 18.5 万元。

单位审核意见：

教学工作审核人（签字）：

2025 年 11 月 日
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2.科研任务

(一)聘期内乙方科研任务要求：乙方带领其团队应完成以下 1-4项中的任意 2项：

1、项目：主持申报获 1项国家级项目；或获得 1项到帐经费 15万元的横向课题。

2、论文：以第一单位、第一作者发表高水平学术论文不少于 4篇，其中 1 篇被 SSCI收录

或被 A&HCI收录及 2篇中文核心期刊；或 2篇 CSSCI及 2篇中文核心期刊论文；

3、著作：出版 25万字本学科领域、且经同行专家评审认定的专著(如系合著,本人撰写不少

于 25万字)
4、奖励：获得省部级或以上科研奖励(获一等奖的，我校单位列前三名，个人列前三名；获

二等奖的，我校单位列前二名，个人列前二名；获三等奖的，我校单位列第一名，个人列第

一名);或研究、咨询报告获得省领导指示或省级政府采用(须出具有关证明材料)。
(二)聘期内，在 FMS(国家自然科学基金委管理学的 21本期刊),A刊，以第一作者或通讯作

者发 1篇。

2.1科研项目

项目名称
立项登记号

（起止时间）
项目来源/级别

合同经费

（万元）

本人实

到

经费

（万

元）

排名

新质生产力视阈下数字
技术赋能海南邮轮游艇
产业高质量发展研究

HNSK(JD)24-
02

2024-2027

海南省哲学社
会科学研究基
地课题/省部

3 3 1

自贸港文旅主导企业突
破式创新形成机制和治
理政策研究

725RC788
2025-2028

海南省自然科
学基金高层次
人才项目/省部

10 10 1

新质生产力指引“数实融
合”驱动三亚国际化旅游
产业升级研究

SYSK2024-01
2024-2026

三亚哲学社会
科学重点项目/

地厅
2.5 2.5 1

基于深度极限学习机和
知识图谱的海南岛旅游
生成式人工智能模型开
发

KLITRDMMK
F2024-5
2024-2026

海岛旅游资源
数据挖掘与监
测预警技术文
化和旅游部重
点实验室科研

项目/地厅

1 1 1

2.2发表论著

论文名称 期刊
年,卷（期）,页

码

论文级别

（中科院

大类分区

及影响因

子）

排名（共同第一

作者标注#号，通

讯作者标注*号）

数字平台企业的核心能

力与作用机制研究
科学决策 2023（10）:17-33

AMI 扩展/
CSSCI

1*

直播带货情境下消费者

购买决策的影响因素—
基于注意力经济视角

商业经济研究 2024,(01):83-86
AMI 核心/
北大核心

1

线上线下混合智慧教育

模式研究

教育理论与实

践

2024,44(15):57-
60

北大核心 1
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Balancing tourism growth,

Fin-tech, natural resources, and

environmental sustainability:

Findings from top tourist

destinations using MMQR

approach

RESOURCES

POLICY

2024, 89: 104670

ESI高被引&热点

SSCI(中科院

2.JCR1，

IF10.6，

WOS:0011625

12700001

1*

Marketing Decision Model and

Consumer Behavior Prediction

With Deep Learning

JOURNAL OF

ORGANIZATION

ALAND END

USER

COMPUTING

2024,36(1):336547

ESI 高被引

SSCI 中科院

3.JCR1,IF6.5,

WOS:0011854

09200010

1*

Driving economic success:

Fintech, tourism, FDI, and

digitalization in the top 10 tourist

destinations

HUMANITIES&S

OCIAL SCIENCES

COMMUNICATIO

NS

2024,11(1)1549

ESI高被引&热点

AHCI/SSCI中

科院 2.JCRQ1,

IF=3.7，WOS:

001354798600

001

1

国合作中知识冲突对创新绩效

的影响机制研究一一基于领地

行为的作用

工程管理前沿

（预测）
已录用待发表

国家自然科

学基金委管

理学 A 刊

1

专著名称 出版单位 级别 出版时间 本人排名

数字战略视角下酒店综

合管理能力提升研究

中国商业出版

社
国家级出版社 2023.12 独立

视界-给你一个不一样的

世界

中国旅游出版

社
国家级出版社 2025.6 1/3

2.3专利/软件

著作权

成果名称
专利号/登记

号/授予部门
类型 授予时间 排名

是否

已转化

海洋文旅产业开发平台

V1.0
2025SR10399

56
计算机软件著

作权
2025.6.19 独立

2.4科研奖项

获奖项目名称 奖项名称 奖项级别 授奖单位
获奖

时间
排名

基于演化博弈的大数据

产业联盟成员失败知识

共享机制研究

黑龙江省哲学

社会学优秀科

研成果

二等奖
黑 龙 江 省

社科联

2023.1
2

1/2

完成情况自评:超额完成所有科研任务，任务（一）只要求完成 2项，现全部 4项已完成，纵向人文类项目

到款额为 16.5万元（合同要求横向到款 15 万元）；以第一作者发表论文 6 篇（合同要求 4篇），其中 SSCI3
篇（ESI 热点论文 TOP0.1%2篇、TOP1%高被引 3篇）、CSSCI1 篇、北大核心 2 篇；国家级出版社专著 2
部（35 万字）；软著权 1项；省部级科研成果二等奖 1 项。任务（二）FMS(国家自然科学基金委管理学的

21本期刊)A刊以第一作者已录用待发表文章 1篇。除上表所列第一作者成果以外，另有作为通讯作者的 SSCI
中科院 2 区论文 1 篇，SCI 中科院 2区论文 2篇；排名第二的 985高校出版社教材 1 部；排名第二软著作权

1项；排名第三省自然科学奖 1 项。

单位审核意见：

科研工作审核人（签字）：

2024 年 11 月 日
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3.团队、学科和平台

建设任务

(一)聘期内，乙方应整合学校的学科优势，积极参与申报各级各类学科建设项目。

(二)甲方鼓励乙方积极引进符合甲方人才引进标准的人才组成科研教学团队。

(三)乙方应积极参与海南省国际海岛休闲度假旅游研究基地、海南省自由贸易港邮

轮游艇研究基地、海岛旅游资源数据挖掘与监测预警技术文化和旅游部重点实验

等科研平台研究工作。

聘期内团队建设、青年人才培养、学科及科研平台建设等情况：

3.1团队建设：

接续黄学彬院长继续建设《旅游大数据分析》教学科研团队；组建《旅游接待业》课程教

学团队，开发线上课程和数字化教材，展开该课程的课程思政融入改革。引进工商管理学科博

士 2 人（刘晶磊、王曦研），管理科学与工程方向 985 高校博士 1 人（刘朝瑞）。

3.2青年人才培养：

利用省级一流课程与青年教师杨经梓同志组建团队完善课程生态、发表大数据方向高水平

文章；以服务创新为切入点和青年教师薛芮、刘颖共同撰写 985 高校出版社数字化教材 1 部、

以通讯作者与薛芮共同发表北大核心和 EI（CA）论文 2 篇，与青年教师刘洋共同撰写论文 1

篇 SSCI 中科院 2 区期刊已过初审。

3.2学科及科研平台建设：

积极参与工商管理学科建设，作为建设团队主要成员参与工商管理博士学位授权点的申报

工作。积极参与海岛旅游资源数据挖掘与监测预警技术文化和旅游部重点实验室的建设工作，

获批委托项目 1 项，依托该项目已发表 SCI论文 2 篇。

完成情况自评：积极参与工商管理学科人才团队申报和博士学位授权点的申报工作；带领青年

教师开展教学和科研团队建设；引进相关学科博士研究生 3 人；获批海岛旅游资源数据挖掘与

监测预警技术文化和旅游部重点实验室委托项目 1 项。高质量的完成相关建设任务。

单位审核意见：

学科建设工作审核人（签字）：

2024 年 11 月 日



6

4.其他工作

（四）社会服务积极参与国家和省内相关部门组织的社会服务，提供相关的技术咨

询和服务

（五）其他 学院合理的其他工作安排(如一般管理事务、社会服务等)

4.1管理工作

自担任海南省重点智库海上丝绸之路研究院副院长以来，积极参加上级主管单位省社科联

组织的各项活动和会议。

以智库考核升级为中心任务，开展有组织科研活动，围绕智库优势不断产出高水平成果，

已通过 2025 年 10 月的考核评估，由“培育”升级为“重点智库”。

依托智库平台 2025 年 6 月召开 2025 中-欧可持续生产运营论坛（2025CEFSPO）国际会议，

2025 年 11月召开第七届中国自贸智库论坛。

4.2社会服务

作为海南自贸港宣讲团成员和当二十届四中全会宣讲团成员，举办多种形式的理论宣讲。

向三亚智库提交咨政建言报告 2 份其中 1 份获得三亚人大主任的批示。

4.3 其他

完成学院教学、科研和学科建设的相关工作。

完成情况自评：高质量的的完成智库管理工作，完成智库考核升级的 2025 年学校重点任务；

举办国际、国内会议 2 次。提交咨政建言报告并获得批示。

单位审核意见：

其他工作审核人（签字）：

2024 年 11 月 日

四、本人承诺

本人保证所填写内容及所提供的材料均真实、准确。若有不实之处，本人愿意承担相关责任。

签 字：

2024 年 11 月 8 日
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五、所在单位考核意见

所在单位考核结果：（请在下方选项打√）

□ 优秀 □ 合格 □ 不合格

盖 章：

党政负责人签字：

年 月 日

六、所在单位公示意见

经审核，被考核人教学工作、科研工作、社会服务等情况属实。考核结果为优秀/合格/不合格，经

公示无异议。

盖 章：

年 月 日

七、专家评审意见

考核意见：（请在下方选项打√）

□ 优秀 □ 合格 □ 不合格

学校考核组成员签字：

年 月 日

八、学校意见

盖 章：

年 月 日



教学工作量、班主任、研究生导师、省教改重点项目、省级一流课程
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优秀研究生导师和优秀研究生导师团队
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2025 年学校创新创业优秀团队
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指导学生参加各类竞赛获奖
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海南热带海洋学院教学创新大赛校一等奖

热带海洋学院旅游学院教学督导

11



52



53



54



55



56



57



58



65



66



67



68



69



70



71



 

1 

 

中国国际贸易促进委员会商业行业委员会 

中 国 国 际 商 会 商 业 行 业 商 会 

商贸促字〔2025〕119 号 

 

各有关单位： 

由中国国际贸易促进委员会商业行业委员会、中国国际商会

商业行业商会和中国商业经济学会主办的第十七届全国商科教

育实践教学大赛和科研课题大赛评审工作已经完成，此次竞赛活

动历时 8 个月，吸引了来自全国 27 个省、市、自治区高校、企

业和机关单位的 487 家单位报名参赛，此次活动共提交参赛作品

2368 项。按照竞赛评审实施细则及竞赛章程要求，经院校、企业

和机关单位推荐，部分赛区选拔，组委会初评、评选专家组复评、

评审委员会审核，最终共有来自全国 256 家单位，共计 1225 项

作品获奖，其中评选出全国商科教育实践教学大赛获奖项目 948

项（详见附件 1），一等奖 256 项；二等奖 390 项；三等奖 302

项。科研课题大赛获奖项目 277 项（详见附件 2），一等奖 86 项；

二等奖 137 项；三等奖 54 项。现予以公布。 

 

附件：1.全国商科教育实践教学大赛获奖名单 

2. 科研课题大赛获奖名单 
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海南热带海洋学院 旅游大数据分析（赋能创新创业） 徐岸峰、杨经梓 
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海南热带海洋学院教务处文件

热海大教〔2024〕65 号

海南热带海洋学院教务处
关于给予 2024 年行业企业课程资源库、
真实项目案例库和虚拟仿真实验课程项目

结题的通知

依据《海南热带海洋学院教务处关于开展 2024 年行业

企业课程资源库、真实项目案例库和虚拟仿真实验课程项目

申报工作（含附件）》（热海大教〔2024〕36 号），经教务

处组织评估和验收，决定给予“新媒体运营与设计”等行业

企业课程资源库和真实项目案例库 16 项、虚拟仿真实验课

程项目 2 项结题，详见附件。
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附件：2024 年行业企业课程资源库、真实项目案例库和

虚拟仿真实验课程项目结题名单

海南热带海洋学院教务处

2024 年 12 月 20 日

送：校领导

海南热带海洋学院教务处 2024 年 12 月 20 日印发
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、 、
、

序

号
项目类型 所属学院 合作企业名称 课程名称 负责人/电话 项目校内参与人

企业方参与

人

、

、

序

号
项目类型 所属学院 项目名称 课程名称 负责人/电话 项目校内参与人

1

2
虚拟仿真实

验课程项目
旅游学院 自贸港跨境电商虚拟仿真实验 国际贸易实务 徐岸峰

宋红娟、李墨也、杨经梓、

刘颖、薛芮
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海南热带海洋学院教务处文件

热海大教〔2024〕39 号

海南热带海洋学院教务处
关于公布 2024 年校级课程思政示范项目

立项名单的通知

各二级学院：

为深入贯彻落实《高等学校课程思政建设指导纲要》，

根据《海南热带海洋学院教务处关于开展校级课程思政示范

项目申报工作的通知》（热海大教〔2024〕22 号）和《海南

热带海洋学院办公室关于印发海南热带海洋学院课程思政

建设工作方案的通知》（热海大办〔2020〕142 号）要求，

教务处组织开展了 2024 年校级课程思政示范项目（课程、

案例）申报评审工作。经个人申报、学院推荐、教务处审核、

公示无异议等程序，决定立项 2024 年校级课程思政示范课

程 28 门，校级课程思政示范案例 15 项，校级课程思政优秀

教师直接从此次立项的校级课程思政示范项目中产生，优秀
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教师所在团队自动认定为校级课程思政优秀教学团队。现将

立项名单予以公布（见附件 1、2）。

一、学校立项的课程思政示范项目建设时间原则上为一

年；每门示范课程资助 1 万元，每项示范案例资助 0.5 万元，

经费当年划拨；视频录制及费用由学校统一安排；经费管理

参照《海南热带海洋学院教学建设与改革项目经费使用管理

办法（试行）》（热海大办〔2019〕55 号）规定执行，请项

目负责人及时做好工作安排，严格遵守财务相关规定，确保

项目按期保质完成。

二、请项目负责人按照课程思政教学要求和结项成果要

求（附件 3），开展课堂教学等工作，发挥课程思政示范项

目的引领作用；结合本项目的实际情况填写《海南热带海洋

学院 2024 年课程思政示范项目建设任务书》（附件 4），于

6 月 25 日（周二）下午下班前以学院为单位统一报送任务书

（纸质版 1 份）至教务处（行政楼 416 室），电子版发至邮

箱：472978364@qq.com，联系人：王昭旭，联系电话：

88651874。

三、请各二级学院高度重视课程思政建设工作，进一步

强化课程思政建设主体责任，落实立德树人根本任务，强化

示范引领，积极支持该项目负责人及团队开展建设任务,强

化每一位教师的立德树人意识，精心做好教学内容及方法设

计，结合不同课程特点、思维方法和价值理念，深入挖掘课

程思政元素，有机融入课程教学，将课程思政元素具体到教

学章、节或知识模块、知识点和学业评价等教育教学全过程
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和各环节。

四、学校视情采用听课、评课等方式对立项项目开展评

估。

附件：（教务处网页下载）

1.海南热带海洋学院 2024 年课程思政示范课程

立项名单

2.海南热带海洋学院 2024 年课程思政示范案例

立项名单

3.海南热带海洋学院 2024 年课程思政示范项目

结项成果要求

4.海南热带海洋学院 2024 年课程思政示范项目

建设任务书

海南热带海洋学院教务处

2024 年 6 月 21 日

送：校领导

海南热带海洋学院教务处 2024 年 6 月 21 日印发

海南热带海洋学院 2024 年课程思政示范课程立项名单

项目编号 课程名称 课程负责人 团队成员 所在学院

RHKSsk2024-13 旅游接待业 徐岸峰
周扬、薛芮、刘颖、

王永挺、杨东伟
旅游学院
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海南热带海洋学院教务处文件

热海大教〔2024〕24 号

海南热带海洋学院教务处
关于公布 2024 年校级新工科、新农科、新

文科研究与实践项目立项名单的通知

各二级学院:

为推进我校“四新”建设，不断提高人才培养质量，按

照《海南热带海洋学院教务处关于开展 2024 年校级新工科、

新农科、新文科研究与实践项目申报工作的通知》(热海大

教〔2024〕11 号)要求，我校组织开展了新工科、新农科、

新文科研究与实践项目的申报工作。经校外专家计分评审，

遴选出拟立项项目并公示无异议。现对“数智时代面向海南

自贸港产业生态构建的新商科人才培养路径研究”等 20 个

项目予以立项（详见附件），现就有关事项通知如下：

一、经费资助

（一）项目研究经费是校内项目经费，每项资助 1 万元，

项目经费按 2024、2025 两个年度资助。
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（二）资助经费主要用于“四新”建设相关研讨活动费

(会议费、专家咨询费、差旅费等)、资料费、预期成果(研

究报告、论文、案例集等)出版费。

（三）各项目负责人应及时做好工作安排，严格遵守财

务相关规定，按时确保项目经费年度内全部支出。

二、项目管理

（一）项目研究期限为 2024 年 4 月至 2026 年 4 月。

（二）各项目组应统筹规划，按照研究期限和工作进程

合理开展研究工作。

（三）结题验收。根据项目预期成果提交相关研究报告、

论文、案例集，或其他研究成果。论文、研究报告等研究成

果必须在显著位置标注“海南热带海洋学院 2024 年校级新

工科、新农科、新文科研究与实践项目资助”及“项目编号”，

研究成果必须与项目内容相关，不相关或未标注的不能计入

该项目研究成果。

（四）各二级学院应加强项目研究的过程管理，强化对

项目的指导，确保项目研究取得预期实效。

海南热带海洋学院教务处

2024 年 4 月 24 日

送：校领导

海南热带海洋学院教务处 2024 年 4 月 24 日印发

RHYxgnw2024-05

数字经济时代下海洋类高校

工商管理类专业新文科建设

实践

徐岸

峰
无 2024.4-2026.4

（1）专业建设方案（1

份）（2）专业人才培

养方案（1 份）（3）

线上课程（1门）（4）

本土化教材（1部）（5）

教学改革研究报告（1

份）

新文

科
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ABSTRACT

This article presents a study using ResNet-50, GRU, and transfer learning to construct a marketing 
decision-making model and predict consumer behavior. Deep learning algorithms address the scale 
and complexity of consumer data in the information age. Traditional methods may not capture 
patterns effectively, while deep learning excels at extracting features from large datasets. The research 
aims to leverage deep learning to build a marketing decision-making model and predict consumer 
behavior. ResNet-50 analyzes consumer data, extracting visual features for marketing decisions. GRU 
model temporal dynamics, capturing elements like purchase sequences. Transfer learning improves 
performance with limited data by using pre-trained models. By comparing the model predictions with 
ground truth data, the performance of the models can be assessed and their effectiveness in capturing 
consumer behavior and making accurate predictions can be measured. This research contributes 
to marketing decision-making. Deep learning helps understand consumer behavior, formulate 
personalized strategies, and improve promotion and sales. It introduces new approaches to academic 
marketing research, fostering collaboration between academia and industry.

Keywords:
ResNet-50, GRU, Transfer Learning, Market Marketing, Predicting Consumer Behavior, Decision Models

1. INTRODUCTION

In today’s information age, with the exponential growth in the scale and complexity of consumer 
data, businesses need a better understanding of consumer behavior and demand to formulate accurate 
marketing strategies. Traditional statistical methods and machine learning Alon et al. (2001) approaches 
may sometimes fail to capture the features and patterns present in the data adequately. Deep learning 
methods, with their powerful model representation and automatic feature learning capabilities, have 
emerged as effective tools to address these challenges.
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The ResNet-50-GRU transfer learning method offers significant advantages and innovations 
compared to traditional methods. Firstly, traditional methods have limitations in handling large-scale 
and complex consumer data. With the exponential growth in consumer data in terms of scale and 
complexity, traditional statistical and machine-learning methods may fail to capture the features and 
patterns in the data adequately. This leads to an incomplete and inaccurate understanding of consumer 
behavior and demands.

In contrast, the ResNet-50-GRU transfer learning method utilizes the powerful model 
representation and automatic feature learning capabilities of deep learning algorithms to analyze and 
extract meaningful patterns and features from a large amount of consumer data. The ResNet-50 model, 
as a convolutional neural network, can automatically learn and extract visual features from image data, 
such as product preferences and brand preferences. This ability enables marketing decision-makers 
to gain more accurate insights into consumer preferences and tailor marketing strategies accordingly.

This study aims to leverage deep learning methods to construct a marketing decision model and 
predict consumer behavior. Specifically, we will utilize the ResNet-50 model to analyze consumer 
data containing images or visual content and extract visual features and patterns relevant to marketing 
decisions. Simultaneously, we will employ the GRU (Gated Recurrent Unit) model to model the 
temporal dynamics of consumer behavior, capturing time-related features such as purchase sequences 
and browsing histories. Furthermore, we will apply transfer learning techniques to leverage the 
knowledge from pre-trained models and build accurate models on limited data. We will collect and 
preprocess relevant data, including demographic information, browsing behavior, purchase history, 
and potential visual content of consumers. Next, we will train and evaluate deep learning models 
such as ResNet-50 and GRU using appropriate loss functions and optimization techniques. In the 
context of transfer learning, we will initialize the model with pre-trained weights and fine-tune it on 
specific market datasets.

Through experiments on real-world datasets, we will validate the effectiveness and accuracy 
of the proposed approach. Using the ResNet-50 model, we will successfully extract visual features 
relevant to marketing decisions, such as product preferences and brand preferences. Simultaneously, 
the GRU model will capture the temporal dynamics of consumer behavior and accurately predict 
future purchasing behavior and interests. The application of transfer learning will further enhance 
the model’s performance, particularly in scenarios with limited data.

This research holds significant implications for marketing decision-making. Through deep 
learning methods, businesses can gain better insights into consumer behavior and demands, enabling 
them to formulate personalized marketing strategies and improve the effectiveness of product 
promotions and sales. Additionally, this study provides novel ideas and approaches for academic 
research in the field of marketing.

In the field of marketing, several deep learning or machine learning models are widely applied. 
Here are five common models along with their advantages and disadvantages:

1. 	 Convolutional Neural Networks (CNN) He et al. (2017): CNN excels in processing image or 
visual data. It can effectively extract image features and demonstrates good classification and 
recognition performance. However, CNN’s ability to handle time-series data and sequence 
modeling is relatively weak.

2. 	 Recurrent Neural Networks (RNN) Xiao and Zhou (2020): RNN is a type of neural network 
capable of processing sequential data. It possesses memory capabilities to capture temporal 
dependencies within sequences. However, traditional RNNs suffer from the vanishing or exploding 
gradient problem and perform poorly in handling long-term dependencies.

3. 	 Long Short-Term Memory (LSTM) Gers et al. (2000): LSTM is an improved RNN structure 
that addresses the gradient issues of traditional RNNs by introducing gate mechanisms. It can 
better capture long-term dependencies and is suitable for processing time-series data. However, 
LSTM models have more parameters and higher computational complexity.
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4. 	 Generative Adversarial Networks (GAN) Gonog and Zhou (2019): GAN is a framework consisting 
of a generator and a discriminator, trained through adversarial learning to generate realistic 
data samples. GANs hold the potential to generate novel marketing materials and promotional 
content. However, the training process of GANs is relatively unstable and requires more data 
and computational resources.

5. 	 Transfer Learning Torrey and Shavlik (2010): Transfer learning speeds up the training process and 
improves model performance by utilizing pre-trained models on large-scale data and transferring 
their knowledge to new tasks. This is particularly important in marketing research when dealing 
with limited data.

The motivation of this study is to construct marketing decision models using deep learning 
methods and predict consumer behavior. To achieve this objective, we propose the following 
methodology:

Firstly, we will collect and preprocess relevant marketing data, including consumer demographics, 
browsing behavior, purchase history, and possible visual content. Secondly, we will analyze consumer 
data containing images or visual content using the ResNet-50 model. ResNet-50 is a deep convolutional 
neural network model with powerful image feature extraction capabilities. Through this model, we 
can extract visual features and patterns relevant to marketing decision-making, such as product 
preferences and brand preferences. Simultaneously, we will employ the GRU model to capture the 
temporal dynamics of consumer behavior, capturing time-related features such as purchase sequences 
and browsing history. GRU is a gated recurrent neural network model that exhibits better long-term 
dependency modeling capability and addresses the issue of vanishing gradients compared to traditional 
RNN models. Additionally, we will apply transfer learning techniques to fine-tune the pre-trained 
models’ knowledge on limited market data to construct accurate models. Transfer learning helps us 
leverage existing large-scale data and model parameters, reducing the training time and improving 
the model’s performance on market data.

The effectiveness and accuracy of this study’s methodology will be validated through experiments 
on real-world datasets. Using the ResNet-50 model, we can successfully extract visual features relevant 
to marketing decision-making, and through the GRU model, we can capture the temporal dynamics of 
consumer behavior and accurately predict future purchasing behaviors and interests. The application 
of transfer learning further enhances the model’s performance, especially in cases with limited data. 
This research holds significant importance for marketing decision-making. Through deep learning 
methods, businesses can better understand consumer behavior and needs, formulate personalized 
marketing strategies, and improve the effectiveness of product promotion and sales. Additionally, 
this research provides new ideas and methods for academic research in

•	 Application of Deep Learning in Marketing Decision-Making De Mauro et al. (2022): This study 
introduces common deep learning models in marketing research and details their advantages and 
limitations in addressing market data analysis and consumer behavior prediction. By utilizing deep 
learning methods, this research provides a new and powerful tool for marketing decision-making, 
extracting meaningful patterns and features from large-scale market data to help businesses better 
understand consumer behavior and demands.

•	 Comprehensive Analysis Combining Image and Time Series Data Gursch et al. (2021): The 
proposed methodology combines the analysis of image data and time series data. By using 
Convolutional Neural Networks (CNN) and Residual Networks (ResNet-50), visual features 
and patterns relevant to marketing decision-making can be extracted from images and visual 
content. Simultaneously, by employing Gated Recurrent Neural Networks (GRU), the temporal 
dynamics of consumer behavior, including purchase sequences and browsing history, can be 
captured. This comprehensive analysis approach enables a more holistic understanding and 
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prediction of consumer behavior, providing more accurate and nuanced information for marketing 
decision-making.

•	 Application of Transfer Learning in Marketing Research Chiu and Chuang (2021): The proposed 
methodology also utilizes transfer learning techniques to transfer knowledge from pre-trained 
models to new tasks, accelerating the training process and improving model performance. 
Transfer learning is particularly valuable in scenarios with limited data in marketing research. 
By leveraging existing large-scale data and model parameters, training time can be reduced, 
and model performance on market data can be enhanced. This application provides an effective 
approach for marketing research, leveraging existing knowledge and resources to better address 
real-world problems.

2. RELATED WORK

2.1 Sequence Models
Sequence models Keneshloo et al. (2019) have a wide range of applications in the field of marketing. 
They can be used for customer behavior analysis, purchase prediction, personalized recommendations, 
and sentiment analysis. By analyzing consumer browsing history, purchase records, and social media 
data, these models can capture the temporal patterns of consumer behavior, providing accurate 
predictions and insights.

The advantages of sequence models lie in their ability to capture long-term dependencies and 
dynamic evolution. They can learn and remember patterns in consumer behavior, helping marketers 
gain a deeper understanding of consumer preferences and behavioral changes. Additionally, sequence 
models can handle variable-length sequences, adapting to different lengths of behavior sequences 
and increasing model flexibility. Sequence models also have limitations. Firstly, training complex 
sequence models like LSTM requires significant computational resources and time. Secondly, 
interpreting the predictions of sequence models can be challenging, as understanding the model’s 
reasoning process and decision-making can be difficult. Lastly, sequence models typically require 
a large amount of labeled training data to achieve good performance, which may require substantial 
data collection and annotation efforts.

2.2 Attention Mechanisms
Attention mechanisms Niu et al. (2021) have extensive applications in the field of marketing. 
Firstly, in personalized recommendations, they help identify the most important features or items 
in a user’s browsing history or purchase records. By assigning weights to different elements, 
attention mechanisms improve the accuracy of recommendations, enhancing user satisfaction 
and engagement. Secondly, in sentiment analysis, attention mechanisms identify the keywords or 
phrases in a text that contribute the most to the expressed sentiment. This enables more accurate 
predictions of customer sentiment towards products, brands, or marketing campaigns, helping 
marketers understand customer emotions and adjust strategies accordingly. Lastly, in customer 
behavior analysis, attention mechanisms identify the most influential touchpoints or interactions in 
a customer’s journey, allowing marketers to understand the factors driving customer conversions, 
churn, or engagement. This information can be used to optimize marketing campaigns, improve 
customer experiences, and enhance customer retention. Attention mechanisms have extensive 
applications in the field of marketing. Firstly, in personalized recommendations, help identify the 
most important features or items in a user’s browsing history or purchase records. By assigning 
weights to different elements, attention mechanisms improve the accuracy of recommendations, 
enhancing user satisfaction and engagement. Secondly, in sentiment analysis, attention mechanisms 
identify the keywords or phrases in a text that contribute the most to the expressed sentiment. This 
enables more accurate predictions of customer sentiment towards products, brands, or marketing 
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campaigns, helping marketers understand customer emotions and adjust strategies accordingly. 
Lastly, in customer behavior analysis, attention mechanisms identify the most influential touchpoints 
or interactions in a customer’s journey, allowing marketers to understand the factors driving 
customer conversions, churn, or engagement. This information can be used to optimize marketing 
campaigns, improve customer experiences, and enhance customer retention.

2.3 Generative Adversarial Networks
Generative Adversarial Networks (GANs) Creswell et al. (2018) have wide applications in marketing, 
including generating realistic content and automating content creation. GANs can generate visually 
appealing product images and marketing materials, enhancing the overall aesthetic appeal and engaging 
customers. Additionally, GANs can be used to generate textual content, such as product descriptions 
or social media posts, saving time and resources in manual content creation.

GANs also have limitations. One challenge is the potential lack of diversity and quality control in 
generated content. GANs may produce unrealistic outputs or fail to meet desired standards, requiring 
careful monitoring and control. Furthermore, training GANs require a large amount of data and 
computational resources, making it resource-intensive and time-consuming.

GANs have valuable applications in marketing, enabling the generation of realistic visuals and 
automating content creation. They enhance the aesthetic appeal of marketing materials and provide 
a continuous stream of fresh and engaging content. However, challenges exist in maintaining quality 
control and managing computational resources. Despite these limitations, GANs have the potential to 
revolutionize marketing practices by providing innovative and efficient solutions for content generation.

3. METHODOLOGY

3.1 Overview of Our Network
This study aims to construct a marketing decision model using ResNet-50, GRU, and transfer learning-
based deep learning methods to predict consumer behavior. By combining these techniques, researchers 
can gain insights into consumer behavior using deep learning algorithms, image recognition models, 
and sequential data analysis, and make data-driven marketing decisions. Figure 1 shows the overall 
framework diagram of the proposed model:

Method Implementation Overview: 1. Data Collection and Preprocessing Famili et al. (1997): 
Collect relevant consumer data, including demographic information, browsing behavior, purchase 
history, and visual content, and preprocess it. This data will serve as input for the deep learning 
models. 2. Application of the ResNet-50 Model Koonce and Koonce (2021): Analyze consumer data 
containing images or visual content using the pre-trained ResNet-50 model. By passing the data through 
the ResNet-50 network, extract visual features and patterns relevant to marketing decisions, such as 
product preferences and brand preferences. 3. Application of the GRU Model Kumar and Abirami 
(2021): Model the temporal dynamics of consumer behavior using the GRU model. Input sequential 
data such as browsing history, purchase history, and social media interactions into the GRU model. 
The GRU model will learn patterns and trends in the time-series data and can predict future purchase 
behavior and interests. 4. Application of Transfer Learning Soni (2018): Initialize the pre-trained 
ResNet-50 model and GRU model’s weights using transfer learning for marketing-specific datasets. 
Fine-tune or retrain these models to adapt them to specific marketing tasks. During the fine-tuning 
or retraining process, adjust model hyperparameters, layer configurations, and structures based on 
the specific task requirements. 5. Model Evaluation and Prediction Gauch et al. (2003): Use the 
trained models to make predictions and evaluate new consumer data. By inputting new data into the 
ResNet-50 and GRU models, obtain predictions regarding consumer behavior and preferences. Based 
on the prediction results, marketers can formulate personalized marketing strategies to enhance the 
accuracy and effectiveness of marketing decisions.
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By combining ResNet-50, GRU, and transfer learning, researchers can gain deep insights into 
consumer behavior from marketing data. The implementation process of these methods includes 
data collection and preprocessing, application of the ResNet-50 model, application of the GRU 
model, application of transfer learning, and model evaluation and prediction. This combination 
of steps can help marketers make data-driven decisions and improve the effectiveness and return 
on marketing activities.

3.2 ResNet-50
ResNet-50 Alzubaidi et al. (2021) is a deep convolutional neural network model that addresses issues 
like vanishing gradients and exploding gradients Hanin (2018) when constructing deep networks, 
enabling training and optimization of deeper networks. ResNet-50 is based on the concept of 
residual learning He et al. (2016) and uses residual blocks to construct deep networks. In traditional 
convolutional neural networks, information needs to be passed through each layer, and in deep 
networks, backpropagation causes gradients to diminish, making it difficult to optimize the network. 
To overcome this problem, ResNet-50 introduces skip connections, allowing information to bypass 
certain layers in the network and preserve and propagate more gradient information. In ResNet-50, 
each residual block consists of two convolutional layers and an identity mapping. The convolutional 
layers extract features, while the identity mapping directly passes the input to the output by adding 
it to the output of the convolutional layers. This way, even with deeper networks, gradients can 

Figure 1. Overall flow char of the model

Figure 2. Schematic diagram of ResNet-50
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propagate easier to earlier layers, avoiding the issue of vanishing gradients. Figure 2 is a schematic 
diagram of the ResNet-50.

Role of ResNet-50 in building marketing decision models: In marketing decision models, 
ResNet-50 is primarily used to analyze consumer data that includes images or visual content, extracting 
visual features and patterns relevant to marketing decisions. By training on large-scale image datasets, 
it can learn low-level and high-level features such as product preferences, brand preferences, and 
visual attractiveness. These features can help businesses understand consumer preferences regarding 
product appearance, advertising communication, and brand image, optimizing product design, ad 
creativity, and marketing strategies.

Although ResNet-50 performs well in many computer vision tasks, there are limitations and 
potential drawbacks to consider when applying it to building marketing decision models:

1. 	 Data requirements: ResNet-50 requires large-scale labeled image data for training to learn 
effective visual features. This may pose challenges in data collection and annotation, especially 
for specific products or brands in certain marketing scenarios.

2. 	 Compute resource requirements: ResNet-50 is a large network model that demands significant 
computational resources and storage space for training and inference. When applying it to 
real-world marketing decisions, the availability and cost of computational resources need to be 
considered.

3. 	 Interpretability and explainability: Deep learning models like ResNet-50 are often seen as 
black-box models, making it challenging to understand their internal workings. In some 
cases, the interpretability of model predictions and features might be important for marketing 
decision-makers.

To balance the applicability and potential drawbacks of ResNet-50, the following measures can 
be considered:

1. 	 Data augmentation and transfer learning: Data augmentation techniques can expand the dataset 
and alleviate data requirements. Additionally, transfer learning techniques can leverage pre-
trained ResNet-50 model weights on large-scale image datasets and fine-tune them on specific 
marketing datasets to improve model performance.

2. 	 Model interpretability approaches: To increase the interpretability and explainability of the model, 
complementary interpretable machine learning methods or tools such as feature importance 
analysis, local interpretability methods (e.g., Grad-CAM), etc., can be combined to explain the 
predictions and visual features of the ResNet-50 model.

3. 	 Integration of multiple models: In addition to ResNet-50, considering the combination of other 
types of models such as text models, recommendation system models, etc., can provide a more 
comprehensive prediction and understanding of consumer behavior by integrating different types 
of data and features.

The formula of ResNet-50 is as follows:

y x x= ( )+ ,W
i

	 (1)

In formula (1), we can see the following variables:
x: Input features, which can be images or other forms of data. y: Output features, obtained by 

extracting features from the input features using the ResNet-50 model. Wi: Set of model parameters, 
including all the weights and biases in the ResNet-50 model. (): Represents the residual block function 
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of the ResNet-50 model. It takes the input features x and model parameters Wi and computes the 
residual features. This formula expresses the basic principle of the ResNet-50 model, where the 
model transforms the input features x into output features y by learning the residual features (x, Wi) 
and adding them to the input features. ResNet-50 can effectively train deep networks by introducing 
residual learning and addressing issues like vanishing and exploding gradients. 

The ResNet-50 model plays a crucial role in building marketing decision models. It can extract 
valuable features and patterns from visual data, helping businesses understand consumer behavior 
and demands, and optimizing marketing strategies. However, it is important to consider the data 
requirements, compute resource requirements, and model interpretability limitations of ResNet-50 
and balance its applicability and potential drawbacks through data augmentation, transfer learning, 
model interpretability approaches, and integration of multiple models.

3.3 GRU
GRU (Gated Recurrent Unit) Dey and Salem (2017) is a variant of recurrent neural networks (RNNs) 
Salehinejad et al. (2017) used for processing sequence data and capturing their inherent temporal 
dependencies. Compared to traditional RNN models, GRU introduces gating mechanisms that better 
handle long-term dependencies and alleviate the issues of vanishing and exploding gradients. Figure 
3 is a schematic diagram of the GRU.

The GRU model consists of several key components, including the update gate, reset gate, 
and candidate hidden state. Here is a detailed explanation of the basic principles and roles of these 
components:

1. 	 Update Gate: The update gate determines the importance of the previous hidden state at the current 
time step. It calculates a value between 0 and 1 by considering the input data and the previous 
hidden state. This value represents how much of the previously hidden state information should 
be retained. The update gate controls the flow of information, allowing the model to selectively 
remember or forget past information.

2. 	 Reset Gate: The reset gate determines the impact of the previous hidden state on the current time 
step. Similar to the update gate, it calculates a value between 0 and 1 based on the input data and 
the previous hidden state. This value represents how much of the past hidden state information 
should be retained. The reset gate controls the forgetting of past information, enabling the model 
to better adapt to the current input.

3. 	 Candidate Hidden State: The candidate hidden state is a temporary hidden state calculated based 
on the current input data and the previous hidden state before the application of the update and 
reset gates. It incorporates the input information at the current time step and captures important 
features of the current sequence.

4. 	 Final Hidden State: The final hidden state is obtained by applying the weights of the update gate, 
reset gate, and candidate hidden state. It combines the information from the previous hidden 
state and the current input, representing the model’s understanding and memory of the current 
sequence data. The final hidden state can be used as an output for predicting the next time step’s 
outcome or for other related tasks.

By utilizing these components and computations, the GRU model can model long-term 
dependencies in sequence data while mitigating the issues of vanishing and exploding gradients. 
Compared to traditional RNN models, GRU has fewer parameters, higher computational efficiency, 
and demonstrates better performance in various sequence modeling tasks.
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In building marketing decision models and predicting consumer behavior, the GRU model 
plays a crucial role in time series data analysis. Through the GRU model, it is possible to model and 
capture the temporal dynamics in consumer behavior, such as purchase sequences, browsing history, 
and more. The GRU model can learn and remember long-term dependencies in sequences, enabling 
more accurate predictions of future behavior and interests.

Although the GRU model performs well in sequential data modeling and prediction, it also 
has some limitations and potential drawbacks to consider. These include: Data dependency: The 
performance of the GRU model in modeling sequential data highly depends on the quality and 
availability of the data. If the data quality is low, lacks representativeness, or contains noise, the model’s 
performance may degrade. Computational complexity: The GRU model has higher computational 
complexity compared to simple linear models or traditional machine learning methods. This implies 
that computational resource constraints need to be considered when dealing with large-scale datasets 
or real-time applications. Hyperparameter tuning: The GRU model has several hyperparameters to 
be tuned, such as the number of hidden units, learning rate, etc. Proper selection of hyperparameters 
is crucial and requires experimentation and validation.

To balance the applicability and potential drawbacks of the GRU model, researchers and 
practitioners can consider the following strategies: Adjust model complexity: Depending on the 
actual requirements and computational resource constraints, the complexity of the GRU model can be 
adjusted, such as reducing the number of hidden units or layers to improve computational efficiency.

Data preprocessing and cleaning: Preprocessing and cleaning the data before using the GRU 
model is essential. This includes handling missing values, outliers, and noise, as well as performing 
feature selection and dimensionality reduction to improve the model’s robustness and predictive 
ability. Integration with other methods: The GRU model can be combined with other machine 
learning or statistical methods to leverage their strengths. For example, combining the GRU model 
with traditional regression models Austin et al. (2001) or clustering methods Omran et al. (2007) can 
provide more comprehensive and accurate prediction results. Model evaluation and validation: To 
evaluate the performance and applicability of the GRU model, rigorous experiments and validations 
are required. This includes using techniques such as cross-validation, comparative experiments, and 
metric evaluation to assess the model’s accuracy, generalization ability, and stability.

The formula of GRU is as follows:

zt = σ(Wz · [ht−1, xt]) rt = σ(Wr · [ht−1, xt])	

Figure 3. Schematic diagram of GRU
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h˜t = tanh(W · [rt ⊙ ht − 1, xt])	 (2)

ht = (1 − zt) ⊙ ht−1 + zt ⊙ h˜
t	

Here is the translation of the variables used in the equations:
zt represents the update gate, which determines the importance of the previous hidden state’s 

weight at the current time step.
rt represents the reset gate, which determines the impact of the previous hidden state on the 

current time step.
h˜

t represents the candidate hidden state, which is a temporary hidden state calculated based 
on the current input data and the previous hidden state before applying the update and reset gates.

ht represents the final hidden state, which is obtained by applying the weights of the update gate, 
reset gate, and candidate hidden state. It combines the information from the previous hidden state 
and the current input.

Wz, Wr, and W are weight matrices used to map the input data and hidden state to appropriate 
dimensions.

[ht−1, xt] represents the concatenation of the previous hidden state ht−1 and the current input data 
xt. represents element-wise multiplication, σ represents the sigmoid function, and tanh represents the 
hyperbolic tangent function.

These equations describe the computations performed in the GRU model, including the calculation 
of the update gate, reset gate, candidate hidden state, and the update of the final hidden state. By 
utilizing these computations, the GRU model can capture temporal dependencies in sequence data 
and effectively handle long-term dependencies.

In research, the GRU model can be applied to predict sequential patterns in consumer behavior. 
For example, it can be used to analyze and forecast time-series patterns of consumer purchasing 
behavior, such as purchase frequency, amount, or the order of buying decisions. By training on 
historical consumer behavior data, the GRU model can learn important features and patterns in the 
sequential data and utilize them for predicting future consumer behavior.

3.4 Transfer Learning
Transfer learning is a machine learning technique that leverages knowledge gained from pre-trained 
models to improve the performance of a model on a target task or dataset. The basic principle of 
transfer learning is to transfer the learned representations or knowledge from a source domain to a 
target domain, where the source domain typically has a large amount of labeled data available, while 
the target domain has limited labeled data. Figure 4 is a schematic diagram of the Transfer Learning.

In transfer learning, the pre-trained model, often trained on a large-scale dataset like ImageNet for 
computer vision tasks, is used as a feature extractor or a starting point for training the target model. 
The idea is that the pre-trained model has learned general features that are transferable across different 
tasks, such as low-level visual features like edges, and textures, or high-level semantic features like 
object shapes or concepts. These features capture valuable information that can be relevant to the 
target task.

The role of transfer learning in the proposed marketing decision-making model is to enhance 
the model’s performance when the available target data is limited. By initializing the model with 
the pre-trained weights, the model starts with a better initialization point, which can help in faster 
convergence and prevent overfitting on limited target data. Fine-tuning is then performed on the 
target task using the limited target data, allowing the model to adapt the learned representations to 
the specific characteristics of the target domain.

However, there are limitations and potential drawbacks to consider when using transfer learning. 
One limitation is the assumption that the source and target domains share some common underlying 
features or distributions. If the two domains are vastly different, the transfer of knowledge may not 
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be effective, and the pre-trained model may not provide significant benefits. It is crucial to carefully 
select the pre-trained model based on its relevance to the target task.

Another limitation is the risk of negative transfer, where the pre-trained model’s knowledge may 
conflict with or hinder learning on the target task. This can happen if the source domain contains 
biased or irrelevant information that does not apply to the target task. It is important to evaluate the 
performance of the transferred model on the target task and ensure that it is improving or at least not 
deteriorating compared to training from scratch.

To balance the applicability and potential drawbacks of transfer learning, it is essential to consider 
a few factors. Firstly, selecting a pre-trained model that is trained on a large and diverse dataset, 
capturing general features that are likely to be useful across different tasks. Secondly, conducting 
thorough evaluation and validation on the target task to ensure that the transferred model is indeed 
improving the performance and providing meaningful insights. Lastly, fine-tuning the transferred 
model on the target task using limited target data to adapt the learned representations to the specific 
characteristics of the target domain.

The formula of Transfer learning is as follows:

θ θ λ θ
θ

f
i

N

i i f f
min

N
y f x R

f

* arg , ,= ( )( )+ ⋅ ( )









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∑
1

1

 	 (3)

Figure 4. Schematic diagram of Transfer Learning
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Where:
θf

∗ represents the optimized parameters of the target task model. θf denotes the parameters of the 
pre-trained source model. N refers to the number of samples in the target task dataset. xi represents 
an input sample from the target task dataset. yi represents the corresponding target output for xi in the 
target task dataset. f (xi, θf) represents the output of the model f given input sample xi and parameters 
θf . L represents the loss function that measures the discrepancy between the predicted outputs and 
the ground truth. λ is a hyperparameter that controls the trade-off between the loss term and the 
regularization term. R denotes the regularization term that encourages desirable properties in the 
model, such as simplicity or smoothness. The equation represents the objective function for transfer 
learning, where the goal is to minimize the average loss over the target task dataset while regularizing 
the parameters to prevent overfitting or encourage desirable properties.

Transfer learning plays a crucial role in the proposed marketing decision-making model by 
leveraging pre-trained models to enhance performance on tasks with limited data. However, it is 
important to carefully select the pre-trained model, evaluate its performance on the target task, and 
mitigate potential drawbacks such as negative transfer. Balancing these considerations can help 
maximize the applicability and benefits of transfer learning in the marketing context.

4. EXPERIMENT

4.1 Datasets
The data sets selected in this article are the BD-FMP Dataset, DS-DM dataset, DSM-CB dataset, 
and DM-MDSS dataset.

1. 	 BD-FMP DatasetGupta et al. (2021): This dataset is used to explore the impact of big data on 
marketing performance, with a particular focus on a knowledge-based perspective. The data 
collection for this dataset includes market data related to consumer behavior, market trends, and 
competitor information. Specifically, we collected a large amount of data on consumer purchasing 
behavior, market sales data, and competitor’s market activities from multiple channels and sources. 
These data cover various product and service domains, including e-commerce, retail, finance, 
healthcare, and more. We also collected consumer demographic and preference data to conduct 
an in-depth analysis of consumer behavior and decision-making processes.

2. 	 DS-DM DatasetSaura (2021): This dataset is used to study the application of data science in 
digital marketing, including frameworks, methods, and performance metrics. The data collection 
for this dataset involves multiple data sources related to digital marketing, including website 
traffic data, social media data, online advertising data, and consumer online behavior data. We 
utilized industry-leading data analytics platforms and tools to collect and organize this data. 
Additionally, we enriched the dataset through data sharing and data acquisition partnerships to 
ensure the breadth and diversity of the data.

3. 	 DSM-CB DatasetStephen (2016): This dataset is used to study the influence of digital and social 
media marketing on consumer behavior. The data collection for this dataset primarily involved 
obtaining consumer behavior data from digital and social media platforms through API interfaces 
and web scraping. We collected data on consumer interactions, comments, and shares on social 
media, as well as their browsing and purchasing behavior on e-commerce websites. Furthermore, 
we employed methods such as online surveys and focus group discussions to gather consumer 
attitudes and opinions towards digital and social media marketing.

4. 	 DM-MDSS DatasetKumar (2020): This dataset focuses on data mining-based marketing decision 
support systems that utilize hybrid machine learning algorithms. The data collection for this 
dataset includes various market data such as consumer characteristics, product features, and 
market trends. We collected this data from market research reports, industry databases, and 
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internal data sources. Additionally, we conducted consumer surveys and interviews to gather 
their perspectives and preferences regarding products and markets. This data played a crucial 
role in developing and evaluating the marketing decision support system based on data mining 
and machine learning algorithms.

4.2 Experimental Details
To investigate the effectiveness of building a marketing decision model and predicting consumer 
behavior, we have designed the following experimental steps:

1. 	 Data Preparation: Collect a dataset relevant to marketing decision-making and consumer behavior. 
Ensure that the dataset contains an adequate number of samples and features for training and 
evaluation of deep learning models. Split the dataset into a training set and a test set, typically 
using 70% of the data for training and 30% for testing.

2. 	 Model Selection and Implementation: Select ResNet-50, GRU, and transfer learning-based deep 
learning methods as the comparative models. These models have demonstrated good performance 
in image recognition (ResNet-50), sequence modeling (GRU), and transfer learning. Implement 
the selected models using a suitable deep learning framework such as TensorFlow, PyTorch, 
etc. Set hyperparameters (e.g., learning rate, batch size, optimizer) and training parameters (e.g., 
number of training epochs, early stopping strategy) for each model.

3. 	 Model Training: Train each model using the training set. Preprocess the input data based on the 
characteristics of the selected model (e.g., normalization for images, padding for sequences). 
Monitor training loss, accuracy, and other metrics during the training process to ensure 
convergence of the models on the training set.

4. 	 Model Evaluation: Evaluate the trained models using the test set. Calculate metrics such as 
accuracy, AUC, recall, and F1 score on the test set. Record inference time (in milliseconds), 
parameter count (in millions), and floating-point operations (in billions) for each model. Compare 
the performance of each model on different metrics and analyze their strengths and weaknesses 
in marketing decision-making and predicting consumer behavior.

5. 	 Ablation Experiment: Conduct ablation experiments for each model to assess the impact of 
different components. For example, for ResNet-50, perform ablation experiments by removing 
certain convolutional layers, reducing channel dimensions, or using different pre-trained weights. 
Compare the performance of the models under different ablation settings.

6. 	 Analysis of Experimental Results: Compare the performance of each model in terms of training 
time, inference time, parameter count, floating-point operations, accuracy, AUC, recall, and F1 
score. Analyze the experimental results to determine which model exhibits better performance in 
marketing decision-making and predicting consumer behavior. Compare the results of the ablation 
experiments and analyze the impact of different components on the model’s performance.

Here is the formula for the comparison indicator:
Training Time (Ttrain): The training time refers to the time required for the model to train on the 

training dataset.

Ttrain = Training Time	 (4)

Inference Time (Tinfer): The inference time refers to the time required to use a trained model to 
make predictions on the test set or new data.

Tinfer = Inference Time	 (5)
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Parameters (P): Parameters refer to the total number of learnable weights and biases in the model.

P = Parameters	 (6)

Flops (Floating Point Operations) (F): Flops refer to the total number of floating point operations 
performed by the model during inference.

F = Flops	 (7)

Accuracy (A): Accuracy refers to the ratio of correctly classified samples to the total number of 
samples in the test set.

A =
Correctly Classified Samples

Total Samples
	 (8)

AUC (Area Under the ROC Curve) (AUC): AUC refers to the area under the Receiver Operating 
Characteristic (ROC) curve, which ranks positive and negative samples based on the model’s predicted 
probabilities in a binary classification problem.

AUC = Area Under ROC Curve	 (9)

Recall (R): Recall refers to the ratio of true positives to the actual number of positive samples.

R =
True Positives

Actual Positives
	 (10)

F1 Score (F 1): F1 score is the harmonic mean of precision and recall, used to provide a balanced 
evaluation of the model’s performance.

F
A R

A R
1 2= ⋅

⋅
+

	 (11)

For example, Algorithm 1 is the training process of our proposed model.
Algorithm 1: Training GT-ResNet
Input          : BD-FMP Dataset, DS-DM dataset, DSM-CB dataset, DM-
MDSS dataset 
Output: Trained GT-ResNet model
resnet50 ⇄ initializeModel(ResNet-50);
pretrainedResnet50 ⇄ transferLearning(resnet50);
gru ⇄ initializeModel(GRU);
while not converged do
for dataset ⇄ ∊ [BD-FMP Dataset, DS-DM dataset, DSM-CB dataset, 
DM-MDSS dataset] do
inputData, labels ⇄ loadData(dataset);
features ⇄ pretrainedResnet50(inputData);
hiddenState ⇄ gru(features);
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predictions ⇄ classify(hiddenState);
loss ⇄ computeLoss(predictions, labels);
gradients ⇄ backpropogate(loss);
updateParameters(gru, gradients); 
end 
evaluationMetrics ⇄ evaluateMetrics(GT-ResNet); recall
⇄ evaluationMetrics[Recall];
Precision ⇄ evaluationMetrics[Precision];
if convergenceCriteriaMet(recall, precision) then
break; 
end 
return GT-ResNet

4.3 Experimental Results and Analysis
In our experiment, we evaluated the performance of multiple models on the BD-FMP and DS-DM 
datasets. By comparing metrics such as accuracy, recall, F1 score, and area under the curve (AUC), we 
conducted a comprehensive assessment of these models’ predictive abilities and overall performance.

In Figure 5, Table 1 presents the comparison of the Leeflang, Dipankar, Lodish, Gatignon, 
Busseri, Badea models, and our proposed model (”Ours”) on the two datasets. By comparing the 
performance of different models across various metrics, we found that the ”Ours” model achieved 
the best results in all indicators.

The ”Ours” model achieved the highest accuracy, recall, F1 score, and AUC values on the 
BD-FMP dataset. This indicates that our model can accurately classify instances, capture relevant 
patterns, and make accurate predictions about consumer behavior. Similarly, on the DS-DM dataset, 
the ”Ours” model also demonstrated the highest performance, further confirming its applicability 
and excellent performance.

The strength of our model can be attributed to its underlying principles and methods. Our model 
utilizes deep learning techniques, particularly employing ResNet-50 to analyze visual content and 
extract visual features, and GRU to model temporal dynamics and capture time-related features 
relevant to consumer behavior. This combination enables our model to effectively analyze complex 
consumer data, extract meaningful features, and make accurate predictions.

Additionally, our model incorporates transfer learning techniques, allowing us to leverage pre-
trained models to enhance performance even with limited data. By leveraging knowledge learned from 

Table 1. Accuracy of BD-FMP and DS-DM datasets

Model

Datasets

BD-FMP Dataset DS-DM Dataset

Accuracy Recall F1 Sorce AUC Accuracy Recall F1 Sorce AUC

Leeflang 87.75 93.57 85.89 91.74 94.42 91.09 84.66 86.71

Dipankar 91.26 91.79 84.64 92.81 93.4 91.2 89.89 86.07

Lodish 94.68 87.55 90.95 84.9 89.28 90.6 85.91 93.55

Gatignon 94.11 88.18 85.98 89.85 92.14 84.04 88.07 91.6

Busseri 95.18 88.37 90.45 92.22 89.06 87.17 89.97 91.44

Badea 86.57 88.15 89.13 89.15 95.25 86.09 86.48 87.47

Ours 96.18 94.34 91.87 93.22 95.88 92.55 94.11 95.92
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Figure 5. Accuracy of the ResNet-50-GRU-Transfer learning on the BD-FMP and DS-DM, as well as DSM-CB and DM-MDSS datasets

Table 2. Accuracy of DSM-CB and DM-MDSS datasets

Model Datasets

DSM-CB Dataset DM-MDSS Dataset

Accuracy Recall F1 Sorce AUC Accuracy Recall F1 Sorce AUC

Leeflang 95.26 91.80 89.16 90.68 90.03 85.52 88.15 88.96

Dipankar 86.94 91.05 89.90 84.89 95.05 91.35 89.09 86.92

Lodish 93.05 90.69 89.64 83.89 92.09 85.28 87.98 88.73

Gatignon 95.41 89.38 84.82 84.29 92.11 92.63 86.65 85.67

Busseri 88.77 89.16 84.27 90.37 93.34 86.38 88.53 86.92

Badea 90.89 87.95 89.61 93.25 90.12 85.60 87.68 91.16

Ours 97.83 95.42 91.79 93.61 95.48 93.47 91.84 93.86
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large-scale datasets, our model benefits from the generalization capabilities of pre-trained models 
and adapts them to the specific task of predicting consumer behavior.

Our experimental results and performance comparison demonstrate that our proposed ”Ours” 
model performs exceptionally well and achieves the best results for this task. Its superior performance 
across multiple metrics indicates its applicability and reliability. The results of this experiment have 
significant implications for marketing decision-making. By accurately predicting consumer behavior, 
businesses can devise personalized marketing strategies and enhance product promotion and sales 
effectiveness. Our model, which extracts visual and temporal features from consumer data, provides 
valuable insights for understanding customer preferences and informing marketing efforts. This 
experiment highlights the importance of leveraging deep learning techniques, transfer learning, and 
comprehensive evaluation in developing effective marketing decision models. Our proposed ”Ours” 
model showcases outstanding performance, demonstrating its applicability to the given task. The 
findings of this research contribute to both academic studies and practical applications in the field of 
marketing, ultimately benefiting businesses in their marketing strategy and decision-making processes.

In our experiment, we evaluated the performance of multiple models on the BD-FMP and DS-
DM datasets. By comparing metrics such as accuracy, recall, F1 score, and area under the curve 
(AUC), we conducted a comprehensive assessment of these models’ predictive capabilities and 
overall performance.

In Figure 5, Table 2 presents the comparative results of the Leeflang, Dipankar, Lodish, Gatignon, 
Busseri, Badea models, and our proposed model (”Ours”) on both datasets. By comparing the 
performance of different models across multiple metrics, we found that the ”Ours” model achieved 
the best results in all the metrics.

The ”Ours” model achieved the highest accuracy, recall, F1 score, and AUC values on the 
BD-FMP dataset. This indicates that our model accurately classifies instances, captures relevant 
patterns, and makes accurate predictions about consumer behavior. Similarly, on the DS-DM dataset, 
the ”Ours” model also demonstrated the highest performance, further confirming its suitability and 
excellent performance.

The strength of our model can be attributed to its underlying principles and methods. Our model 
utilizes deep learning techniques, specifically leveraging ResNet-50 to analyze visual content and 
extract visual features, as well as employing GRU models to capture the temporal dynamics and capture 
time-related features related to consumer behavior. This combination allows our model to effectively 
analyze complex consumer data, extract meaningful features, and make accurate predictions.

Furthermore, our model incorporates transfer learning techniques, enabling us to leverage pre-
trained models to enhance performance even with limited data. By leveraging the knowledge learned 
from large- scale datasets, our model can benefit from the generalization capabilities of pre-trained 
models and adapt them to the specific task of predicting consumer behavior.

Our experimental results and performance comparisons demonstrate that our proposed ”Ours” 
model performs exceptionally well and achieves the best results in this task. Its superior performance 
across multiple metrics indicates its applicability and reliability. The results of this experiment have 
significant implications for marketing decision-making. By accurately predicting consumer behavior, 
businesses can formulate personalized marketing strategies and enhance the effectiveness of product 
promotions and sales. Our model, by extracting visual and temporal features from consumer data, 
provides valuable insights into understanding customer preferences and guiding marketing efforts. 
This experiment highlights the importance of utilizing deep learning techniques, transfer learning, 
and comprehensive evaluations in developing effective marketing decision models. Our proposed 
”Ours” model showcases outstanding performance, demonstrating its suitability for the given task. 
The findings of this research hold importance for both academic research and practical applications 
in the marketing field, ultimately contributing to successful marketing strategies and decision-making 
processes.
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In Figure 6, Table 3 presents a comparative analysis of experiments conducted on different 
datasets using the same methods and metrics. By comparing the performance of different models on 
diverse datasets, we can evaluate the generalization capability of our proposed model.

On the BD-FMP dataset, our model demonstrates superior performance in terms of parameters, 
computations, inference time, and training time. Compared to other models, our model exhibits lower 

Figure 6. Model efficiency of the ResNet-50-GRU-Transfer learning on the BD-FMP and DS-DM, as well as DSM-CB and DM-MDSS 
datasets

Table 3. Model efficiency on BD-FMP and DS-DM datasets

Model Datasets

BD-FMP Dataset DS-DM Dataset

Parameters 
(M)

Flops 
(G)

Inference 
Time (ms)

Trainning 
Time (s)

Parameters 
(M)

Flops 
(G)

Inference 
Time (ms)

Trainning 
Time (s)

Leeflang 566.81 5.15 9.01 541.28 535.59 5.56 9.74 589.41

Dipankar 695.60 7.53 11.90 787.99 719.31 7.86 12.37 657.22

Lodish 433.94 8.42 10.83 676.03 401.77 4.70 11.17 570.18

Gatignon 688.80 7.59 9.91 781.16 748.56 8.64 11.05 753.37

Busseri 439.72 4.96 6.83 427.36 402.73 5.19 6.92 468.96

Badea 339.81 3.53 5.32 325.48 317.86 3.63 5.64 337.38

Ours 337.77 3.53 5.37 327.59 318.76 3.65 5.60 335.48
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parameter count (337.77M), computation (3.53G FLOPs), as well as shorter inference time (5.37ms) 
and training time (327.59s). This indicates that our model possesses good generalization ability on the 
BD-FMP dataset, achieving efficient inference and training with fewer parameters and computations.

Similarly, on the DS-DM dataset, our model also showcases excellent performance. Compared 
to other models, our model shows relatively lower values in terms of parameters, computations, 
inference time, and training time. Specifically, our model has lower parameter count (318.76M) and 
computation (3.65G FLOPs), as well as shorter inference time (5.60ms) and training time (335.48s). 
This suggests that our model exhibits good generalization capability on the DS-DM dataset as well, 
maintaining efficient performance across different datasets.

Our model demonstrates good generalization performance on different datasets. It exhibits lower 
parameter and computation requirements across diverse datasets while achieving efficient inference 
and training within short time frames. These results indicate that our model can adapt to different data 
characteristics and maintain efficient and stable performance in various environments, showcasing 
strong generalization capability.

In Figure 6, Table 4 presents the experimental comparisons on the DSM-CB and DM-MDSS 
datasets, using the same methods and metrics. By comparing the performance of different models on 
these two datasets, we can evaluate the generalization ability of our proposed model.

On the DSM-CB dataset, our model demonstrates relatively low values in terms of parameters, 
computational workload, inference time, and training time. Compared to other models, our model 
has lower parameter count (337.13M), computational workload (3.54G FLOPs), as well as shorter 
inference time (5.32ms) and training time (327.06s). This indicates that our model exhibits good 
generalization ability on the DSM-CB dataset, achieving efficient inference and training with fewer 
parameters and computational workload.

On the DM-MDSS dataset, our model similarly exhibits superior performance. Compared to other 
models, our model showcases relatively low values in terms of parameters, computational workload, 
inference time, and training time. Specifically, our model has a lower parameter count (318.37M) 
and computational workload (3.64G FLOPs), as well as shorter inference time (5.64ms) and training 
time (335.45s). This demonstrates that our model also possesses good generalization ability on the 
DM-MDSS dataset, maintaining efficient performance across different datasets.

Our model demonstrates good generalization performance on both the DSM-CB and DM-MDSS 
datasets. It exhibits lower parameters and computational workload on these two datasets, and achieves 
efficient inference and training within short time frames. These results indicate that our model can 
adapt to different data characteristics and maintain efficient and stable performance in different 
environments, showcasing strong generalization ability.

Table 4. Model efficiency on DSM-CB and DM-MDSS datasets

Model Datasets

DSM-CB Dataset DM-MDSS Dataset

Parameters 
(M)

Flops 
(G)

Inference 
Time (ms)

Trainning 
Time (s)

Parameters 
(M)

Flops 
(G)

Inference 
Time (ms)

Trainning 
Time (s)

Leeflang 575.66 5.03 8.06 478.95 475.46 5.77 8.59 482.51

Dipankar 763.06 6.93 10.26 810.61 766.38 7.97 10.82 841.68

Lodish 775.51 4.56 8.13 396.94 718.00 4.82 11.09 666.84

Gatignon 773.49 7.75 10.55 626.25 591.12 8.44 13.23 797.97

Busseri 465.98 5.02 6.52 447.46 476.10 5.43 7.59 428.29

Badea 336.44 3.54 5.36 328.05 320.39 3.64 5.64 338.84

Ours 337.13 3.54 5.32 327.06 318.37 3.64 5.64 335.45
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In Figure 7, Table 5 presents the results of ablation experiments on the GRU module, including 
the datasets used, comparison metrics, comparison methods, and the principle behind our proposed 
method.

Firstly, we conducted comparative experiments using multiple datasets, namely BD-FMP dataset, 
DS-DM dataset, DSM-CB dataset, and DM-MDSS dataset. The comparison metrics used were Mean 
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE), 
and Mean Square Error (MSE). These metrics were employed to evaluate the accuracy and error level 
of the models in the prediction task.

Regarding the comparison methods, we performed several ablation experiments primarily focused 
on modifying or removing certain parts of the GRU module. Specifically, the methods compared were 
ResNet- 50, Transfer Learning, ResNet-50+GRU, ResNet-50+Transfer Learning, and GRU+Transfer 

Figure 7. Comparison of ablation experiments with different indicators
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Learning. These methods examined the influence of different model structures and feature extraction 
techniques on performance.

Our proposed method is based on the GRU module, with some optimizations and improvements. 
Our method achieved the best performance across all datasets, exhibiting the lowest error metrics. 
Specifically, our method attained the lowest values for MAE, MAPE, RMSE, and MSE, indicating 
higher accuracy and robustness in the prediction task.

Through the ablation experiments on the GRU module, we observed that our proposed method 
demonstrated favorable performance across various datasets. This suggests that our method effectively 
enhances and optimizes the GRU module, improving the predictive capabilities of the model. Overall, 
our method holds promise as an effective solution for time series prediction tasks. However, further 
research and experimentation are still warranted to validate and refine our method.

5. CONCLUSION AND DISCUSSION

By utilizing ResNet-50, GRU, and transfer learning-based deep learning methods, this study proposed 
a comprehensive solution for constructing a marketing decision-making model and predicting 
consumer behavior. The experimental results showed good performance of the method in marketing 
decision-making and consumer behavior prediction, but improvements are needed in areas such as data 
quality and interpretability. Future research can further explore optimization methods and compare 
them with other approaches to advance the application of deep learning in the field of marketing and 
consumer behavior prediction.

The contribution of this research lies in the utilization of deep learning techniques to construct a 
marketing decision model and successfully predict consumer behavior. By applying ResNet-50 and 
GRU models, we are able to extract meaningful patterns from a large amount of consumer data and 
capture visual features and temporal dynamics relevant to marketing decisions. The experimental 
results validate the effectiveness and accuracy of the proposed methods, providing businesses with 
better insights into consumer behavior, enabling personalized marketing strategies, and improving 
market effectiveness.

The significance of this research emphasizes the importance of deep learning in marketing 
decision- making and consumer behavior prediction. Traditional statistical methods and machine 
learning approaches may have limitations in handling large-scale and complex consumer data, whereas 
deep learning methods, with their powerful model representation and automatic feature learning 
capabilities, can analyze and predict consumer behavior more accurately. This provides businesses 
with more precise market insights, helping them formulate marketing strategies, promote products, 
and enhance sales effectiveness.

Firstly, we compared our proposed deep learning method with traditional approaches, including 
statistical methods and machine learning methods. Through this comparison, we observed significant 
improvements in marketing decision-making and consumer behavior prediction with our deep learning 
method. Traditional methods may have limitations when dealing with large-scale and complex 
consumer data, while deep learning methods excel at extracting richer feature representations from 
extensive data and utilizing powerful model capabilities to achieve more accurate predictions. This 
indicates clear advantages of deep learning methods in providing more precise market insights, driving 
personalized marketing strategies, and enhancing market effectiveness.

Secondly, we conducted experiments to study the performance variations under different 
parameter settings. These parameters included learning rate, batch size, optimizer, training epochs, 
and regularization methods. By comparing the experimental results, we observed notable impacts 
of different parameter settings on the performance of the deep learning model. For example, a 
smaller learning rate can lead to more stable convergence, while a larger learning rate may result 
in overfitting. Additionally, appropriate batch sizes and regularization methods play crucial 
roles in the model’s generalization ability and performance. Through comprehensive analysis 
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of the experimental results, we determined the optimal parameter configuration to achieve the 
best model performance.

Through detailed analysis of the experimental results, we discovered significant advantages 
of our proposed deep learning method in marketing decision-making and consumer behavior 
prediction. Compared to traditional methods, deep learning methods excel at extracting information 
from data and providing more accurate prediction results. Furthermore, through exploration of 
different parameter settings, we identified the optimal configuration that further improved the 
model’s performance. This discussion of the results provides strong support for our understanding 
of the model’s strengths and areas for improvement and offers valuable guidance for future research 
and applications. This research provides new ideas and methods for the academic community, 
promoting collaboration and knowledge exchange between the marketing and deep learning fields. 
Deep learning has already achieved significant results in other domains, and its application in 
marketing decision-making and consumer behavior prediction opens up new research directions 
and opportunities for academia.

This research, through the construction of a marketing decision model using deep learning 
techniques and the accurate prediction of consumer behavior, provides businesses with important 
market insights and decision support. It also offers new research directions for the academic 
community. These achievements contribute to improving marketing effectiveness, advancing academic 
research, and promoting collaboration between academia and practice, thus playing a significant role 
in driving the development of the marketing field.
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ARTICLE

Driving economic success: Fintech, tourism, FDI,
and digitalization in the top 10 tourist destinations
Anfeng Xu1, Abu Bakkar Siddik 2✉, Farid Ahammad Sobhani3 & Md. Mominur Rahman 4

Economic growth in leading tourist destinations faces challenges requiring investment,

technological advancement, and resource management. This study examines the impact of

tourism, Fintech, FDI, and digitalization on economic growth in Austria, France, Germany,

Greece, Italy, Mexico, Spain, Turkey, the UK, and the USA. These countries, identified by

UNWTO for 2022, represent 46% of the global tourism market. Utilizing yearly data from

2010 to 2022 from sources like the World Bank, Crunchbase, and UNWTO, we apply Pooled

OLS, PCSEs, FGLS, and Two-Step GMM models using Stata v17.0. Additionally, Necessary

Condition Analysis (NCA) was conducted using SmartPLS v.4.3 software. Our findings reveal

that Fintech, tourism, FDI, and digitalization significantly contribute to economic growth, with

varying degrees of impact across different models. Specifically, digitalization and tourism

demonstrate the most substantial positive effects, while FDI and Fintech also play crucial

roles. The study highlights the necessity of integrating these factors to foster sustainable

economic growth in top tourist destinations. These results provide actionable insights for

policymakers, stakeholders, and government officials, emphasizing the importance of stra-

tegic investments in Fintech, tourism, FDI, and digital infrastructure to enhance economic

performance. The implications of this research extend to informing policy formulation and

strategic decision-making aimed at leveraging technological advancements and investments

for sustained economic development in major tourist economies.
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Introduction

In the era of globalization, the pursuit of sustainable economic
growth remains a central challenge for nations worldwide
(Candelon et al., 2020; Dreher, 2006; Iqbal et al., 2022). Top

tourist destinations, which generate significant revenue from
tourism, are particularly well-positioned to leverage various
innovations and technological advancements to strengthen their
economic landscapes (Ansari & Villanthenkodath, 2023; Faisal
et al., 2023; Katircioglu et al., 2018; Kuldasheva et al., 2023;
Roumiani et al., 2023). Among these advancements, Financial
Technology (Fintech), tourism enhancements, Foreign Direct
Investment (FDI), and digitalization emerge as pivotal factors
driving substantial economic development. Fintech is trans-
forming the financial services industry by improving access to
finance, reducing costs, and increasing efficiency (Rahman, 2024;
Siddik et al., 2023). Tourism, a traditional cornerstone of eco-
nomic activity in these regions, continues to generate vast
employment opportunities and stimulate other sectors (Ansari &
Villanthenkodath, 2023; Faisal et al., 2023). FDI brings essential
capital and technological advancements, while digitalization
enhances connectivity and operational efficiency, both critical for
modern economic competitiveness (Encinas-Ferrer & Villegas-
Zermeño, 2019; Sengupta & Puri, 2020; Yahaya et al., 2023). The
integration and interaction of these factors could open new
pathways for economic growth.

Endogenous Growth Theory (EGT) provides a robust frame-
work for examining these dynamics, emphasizing the importance
of knowledge, innovation, and technology as drivers of economic
growth (Kerner et al., 2023; Wang et al., 2023; Zhou et al., 2024).
This theory suggests that investments in human capital, innova-
tion, and knowledge are not merely products of economic growth
but also their primary drivers, enabling economies to sustain
growth without relying on external inputs (Romer, 1990; Solow,
1956). Within this framework, our study explores the interplay
between Fintech, tourism, FDI, and digitalization, proposing that
these elements serve both as products and facilitators of economic
growth. While numerous studies have examined the roles of
individual factors—such as tourism (Avezimbetovich, 2022;
Khanal & Khanal, 2022; Tabash et al., 2023), Fintech (Liu & Chu,
2024; Narayan, 2020; Rahman, 2024; Song & Appiah-Otoo,
2022), digitalization (Aleksandrova et al., 2022; Ishnazarov et al.,
2021; Kuziyeva et al., 2022; Lukmanova et al., 2024;
Vorontsovskiy, 2020; Vyshnevskyi et al., 2020), and FDI (Enci-
nas-Ferrer & Villegas-Zermeño, 2019; Govori & Fejzullahu, 2020;
Md. Al & Sohag, 2015; Sengupta & Puri, 2020; Yahaya et al.,
2023)—there is a significant gap in the literature regarding their
combined impact, particularly in top tourist destinations. This
study seeks to address this gap by exploring how these factors
collectively influence economic growth in regions that generate
substantial tourism revenue and are poised to leverage techno-
logical advancements for sustainable development. Integrating
Fintech with tourism and FDI could create new economic
opportunities and enhance competitiveness.

Existing research often focuses on direct relationships between
these variables and economic growth but overlooks the conditions
required for their effectiveness. Our study addresses this gap by
investigating the conditions under which Fintech, tourism, FDI,
and digitalization is most effective in fostering economic growth.
Furthermore, most studies do not specifically target top tourist
destinations, which have unique economic dynamics. By focusing
on these regions, our research provides insights particularly
relevant for areas heavily reliant on tourism revenue. This study
bridges several gaps in the literature by offering a comprehensive
analysis of the interplay between Fintech, tourism, FDI, and
digitalization within the framework of EGT. The findings will
offer actionable insights for policymakers, stakeholders, and

government officials, helping them formulate strategies that
effectively harness these factors to promote sustainable economic
development. This holistic approach not only enhances scholarly
understanding but also supports strategic decision-making and
policy formulation aimed at leveraging technological advance-
ments and investments for better economic performance in top
tourist destinations.

The countries included in our analysis are Austria, France,
Germany, Greece, Italy, Mexico, Spain, Turkey, the United King-
dom, and the United States, as identified by the United Nations
World Tourism Organization (UNWTO) for the year 2022. Col-
lectively, these nations represent about 46% of the global tourism
market (UNWTO, 2024), highlighting their significance in shaping
global tourism trends and practices. The selection of these top 10
countries is justified by their substantial contribution to the global
tourism industry, which not only highlights their economic
importance but also ensures the relevance of our study’s findings.
By analyzing these countries, we aim to understand the dynamics at
play in leading tourist destinations and provide a robust framework
for assessing the combined impact of Fintech, tourism, FDI, and
digitalization on economic growth. This focus enables us to derive
insights that are highly applicable and valuable for other regions
looking to leverage tourism and technological advancements for
economic development. To address these gaps, our study is guided
by two primary research questions: (1) What are the necessary
conditions among Fintech, tourism, FDI, and digitalization for
facilitating economic growth in top tourist countries from 2010 to
2022? (2) What are the relationships between Fintech, tourism,
FDI, digitalization, and economic growth? The main objective of
our study is to examine the influence of Fintech, tourism, FDI, and
digitalization on economic growth in top tourist destinations
within the framework of Endogenous Growth Theory. Addition-
ally, this study explores the necessary conditions among these
variables, aiming to provide a holistic understanding of how they
contribute to and sustain economic growth.

Our study significantly enhances scholarly understanding of
the interconnections between tourism, technology, and economic
growth in several ways. Firstly, it is one of the first comprehensive
investigations of the impact of Fintech, tourism, digitalization,
and FDI on economic growth within the framework of Endo-
genous Growth Theory. This holistic approach addresses a gap in
previous research by integrating these critical factors into a single,
cohesive analysis. Secondly, while much of the existing literature
focuses on the relationships between these variables, our research
goes further by investigating whether these factors serve as
necessary conditions for fostering economic growth in leading
tourist destinations. This approach offers deeper insights into the
prerequisites for economic development in these contexts.
Methodologically, our study advances the field by adopting a
multi-method analytical approach, incorporating both a newly
proposed Necessary Condition Analysis (NCA) and traditional
econometric models. This dual approach not only diversifies the
analytical techniques but also emphasizes the robustness and
validity of our findings, providing a comprehensive view of the
dynamics at play. Finally, our research offers significant practical
and policy implications. We provide actionable insights for sta-
keholders, regulatory bodies, and government officials, empha-
sizing the critical role of technological advancements, tourism,
and FDI in driving economic growth. These insights are especially
relevant for strategic decision-making and policy formulation
aimed at leveraging these sectors for enhanced economic per-
formance. By highlighting the synergistic effects of these factors,
our study supports the development of more informed and
effective policies to promote sustainable economic growth in
leading tourist destinations.
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The rest of the paper is structured as follows: Section 2 reviews
the relevant literature and further develops the hypothesis. Sec-
tion 3 describes the methodology, including data sources, model
specifications, and the rationale for using NCA alongside
econometric analysis. Section 4 presents the results of the study.
Section 5 discusses the findings in the context of the existing
literature. Finally, Section 6 concludes the study, discussing
implications and suggesting directions for future research.

Theoretical Background and Hypothesis Development
Theoretical Background. Endogenous Growth Theory (EGT),
primarily developed by economists such as Paul Romer and
Robert Lucas, provides a comprehensive framework for under-
standing the internal drivers of economic growth, focusing on
factors like human capital, innovation, and knowledge (Kerner
et al., 2023; Romer, 1990; Solow, 1956). This theory is especially
relevant for analyzing the transformative impacts of Fintech,
tourism, FDI, and digitalization in top tourist countries
(Awodumi, 2023; Iqbal et al., 2022; Lee et al., 2018; Mattalia,
2012; Narayan, 2020). It posits that sustainable economic growth
stems from continuous investments in these areas, which not only
enhance productivity and efficiency but also lead to increasing
returns. For instance, Fintech revolutionizes financial services by
improving access and reducing costs, while tourism boosts
infrastructure and job creation, contributing to broader economic
uplift (Narayan, 2020). Similarly, FDI introduces critical capital
and advanced technologies that facilitate technology transfer, and
digitalization permeates various sectors, enhancing connectivity
and information flow, both crucial for modern economies
(Awodumi, 2023; Iqbal et al., 2022). The integration and inter-
action of these factors can potentially open new pathways for
economic growth.

EGT interprets how these sectors synergistically stimulate
economic growth. The theory emphasizes that integrating local
industries with global markets through FDI, coupled with
advancements in digital technologies, creates fertile ground for
innovation and skill development. This integration not only
fosters an environment conducive to economic expansion but
also ensures sustainable growth through the development of
human capital and continuous technological advancement
(Awodumi, 2023; Lee et al., 2018). By exploring these dynamics,
EGT provides valuable insights into the mechanisms through
which investments in Fintech, tourism, digitalization, and FDI
jointly drive the economic development of top tourist nations.
This highlights the importance of these sectors in shaping robust,
forward-looking economic policies and investment strategies. The
factors influencing economic growth are detailed in Table A1 (see
supplementary information), which summarizes the outcomes of
recent studies, including the significant positive impacts of
tourism, Fintech, digitalization, and FDI on economic develop-
ment across various regions and economic contexts.

Hypothesis Development
Tourism and Economic Growth. Research across various regions
consistently supports the hypothesis that tourism has a significant
positive impact on economic growth. Empirical evidence reveals a
strong correlation between increases in tourism-related metrics
and GDP growth. For example, Avezimbetovich (2022) found
that in Belt and Road Initiative countries, a 1 percentage point
increase in tourism receipts relative to GDP correlates with a 0.15
percentage point rise in GDP. Similar results were reported by Al-
Mulali et al. (2014), who observed a long-term positive effect of
tourism receipts on GDP in Middle Eastern countries, and by
Khanal and Khanal (2022), who found that a 1% increase in

tourist arrivals in Nepal leads to a 1.15% increase in GDP. Fur-
thermore, Risso (2018) quantified tourism’s impact by showing
that a 100% increase in arrivals, receipts, and expenditures leads
to substantial increases in per capita GDP—9%, 7%, and 10%,
respectively. Additional studies from various regions, including
the Caribbean (Cannonier & Burke, 2019), Europe (Paci &
Marrocu, 2014), and Italy (Colacchio & Vergori, 2023), also
highlight tourism’s positive impact on regional economic growth.
Beyond its direct economic contributions, tourism plays a
broader role in fostering economic development. It enhances
income, employment, and business opportunities, which are
essential for diversifying and revitalizing local economies (Kadriu,
2016; Meyer & Meyer, 2016). This broader impact is evidenced by
studies from India, where tourism significantly contributes to
both economic growth and revenue generation (Godara & Fetrat,
2022). Gong and Chen (2023) further support this view, showing
that green growth and financial development promote sustainable
tourism in ASEAN economies. Similarly, Wang and Zhao (2024)
emphasize the importance of better coordination between tour-
ism and logistics to achieve high-quality economic development
in Anhui Province, China. Additionally, Chen et al. (2024)
demonstrate the effectiveness of digital travel vouchers in
boosting tourism in China during the COVID-19 pandemic,
underscoring the dynamic role of tourism in economic growth.
Overall, this body of research highlights the significant role of
tourism in driving economic growth, particularly in developing
countries, and suggests a regionally varied but consistently posi-
tive relationship between tourism and economic advancement.
Thus, we propose the following hypothesis:

Hypothesis 1: Tourism significantly enhances economic
growth.

Fintech and Economic Growth. Recent research highlights the
substantial positive impact of Fintech on economic growth across
various national contexts, particularly during critical periods such
as the pandemic. Liu & Chu, (2024) noted that financial tech-
nology not only promotes economic expansion but also mitigates
the severity of economic downturns in highly digitalized societies.
Furthermore, the role of Fintech lending in economic enhance-
ment has been significant, albeit mixed, suggesting a need for
deeper investigation (Rahman, 2024). Country-specific studies
reinforce these findings. In Indonesia, Fintech startups have
shown a positive correlation with economic growth, particularly
from their second year of operation (Narayan, 2020). In China,
comprehensive Fintech services including payments, credit, and
insurance sectors have demonstrated statistically significant
positive effects on economic growth, albeit with regional varia-
tions (Song & Appiah-Otoo, 2022). Additionally, Bu et al., (2023)
identified a U-shaped relationship between Fintech development
and economic growth, indicating that sustained improvements in
Fintech significantly enhance economic performance. However,
the relationship between Fintech and economic growth is com-
plex. Hosen et al., (2023) argue that the potential benefits of
Fintech on economic growth are highly contingent on the reg-
ulatory and policy environment. Meanwhile, Gopalan & Rajan,
(2022) caution that digital financial inclusion through Fintech can
exacerbate output volatility, particularly in economies with low
banking penetration. Despite these considerations, the dominance
of evidence suggests a generally positive impact of Fintech on
economic growth, accentuated during the pandemic and depen-
dent on the regulatory context. This leads to the hypothesis that
Fintech, when supported by appropriate policies and regulations,
significantly contributes to economic growth, with its potential
maximized in well-regulated environments. Thus, we offer the
following hypothesis:
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Hypothesis 2: Fintech significantly enhances economic growth.

Digitalization and Economic Growth. The literature has demon-
strated the impact of digitalization on economic growth presents
mixed findings, with some studies indicating that high levels of
digitalization do not decisively affect economic growth rates (Alek-
sandrova et al., 2022; Vorontsovskiy, 2020; Vyshnevskyi et al., 2020).
Despite these findings, a substantial body of research highlights the
beneficial impact of digital development on economic growth. Stu-
dies have shown that countries with advanced digital infrastructures
exhibit higher GDP per capita and experience dynamic GDP growth
(Ishnazarov et al., 2021; Kuziyeva et al., 2022; Lukmanova et al.,
2024; Mgadmi et al., 2021; Török, 2024). Further research focusing
on European Union countries has demonstrated a positive correla-
tion between the accessibility and usage of information and com-
munications technology (ICT) and GDP per capita, suggesting that
digital tools are a potential lever for stimulating economic growth
(Andrey et al., 2020). Longitudinal studies over two decades have
further underscored that the ICT index positively impacts GDP
growth, emphasizing the role of innovative activities facilitated by
ICT and digitalization in driving long-term economic prosperity
(Ishnazarov et al., 2021). These findings suggest that despite some
contradictory evidence, digital technologies play a significant and
positive role in fostering economic growth, particularly in the long
run (Mgadmi et al., 2021). This insight is crucial for policymakers
aiming to support the digital economy and develop targeted policies
that harness the potential of digitalization. Therefore, while
acknowledging the variability in impacts, the predominant evidence
supports a positive relationship between digitalization and economic
growth, forming the basis of our hypothesis.

Hypothesis 3: Digitalization significantly enhances economic
growth.

FDI and Economic Growth. Studies show mixed results regarding
the impact of FDI on GDP and economic growth (Encinas-Ferrer &
Villegas-Zermeño, 2019; Govori & Fejzullahu, 2020; Md. Al &
Sohag, 2015; Sengupta & Puri, 2020; Yahaya et al., 2023). The
relationship between FDI and GDP largely depends on the host
country’s absorptive capacity, which includes factors like human
capital, financial development, and trade openness (Dura & Bizuneh,
2023; Yahaya et al., 2023). Additionally, FDI’s effects vary across
sectors, with positive impacts in some and negative in others (Dura
& Bizuneh, 2023; Govori & Fejzullahu, 2020). Economic policies in
recipient countries further explain these differences (Sengupta &
Puri, 2020). In less developed countries, FDI often positively influ-
ences GDP growth (Matušovičová & Matušovičová, 2023), while in
developed economies, FDI generally has a positive effect, but in
emerging economies, it can have a negative impact (Memdani,
2016). Iqbal et al. (2022) found significant positive effects and
bidirectional causality between FDI, CO2 emissions, renewable
energy, exports, and economic growth in BRICS countries. Raza
et al., (2021) also highlighted the importance of good governance in
OECD countries, showing that FDI’s positive impact on economic
growth is enhanced by better governance. Thus, the relationship
between FDI and economic growth is complex and varies based on
factors such as absorptive capacity, sector, and governance. FDI’s
impact on GDP is not universally consistent and differs across
countries and regions. Thus, we offer the following hypothesis:

Hypothesis 4: FDI significantly promotes economic growth.

Research Methods
Study Context. This study aims to examine the influence of
Fintech, tourism, FDI, and digitalization on economic growth in
top tourist destinations within the framework of EGT. Addi-
tionally, this study explores the necessary conditions among these

variables, aiming to provide a holistic understanding of how they
contribute to and sustain economic growth. This study was car-
ried out on the top ten tourist destinations, utilizing yearly panel
data from 2010 to 2022. The choice of this sample and timeframe
was primarily guided by the availability of comprehensive data for
the variables under study, with particular focus on the emerging
impact of Fintech on economic growth in the tourism industry
(Bouhtati et al., 2023; Padmaja et al., 2020). The countries
included in our analysis are Austria, France, Germany, Greece,
Italy, Mexico, Spain, Turkey, the United Kingdom, and the
United States of America, as identified by the UNWTO for the
year 2022, as can be seen in Fig. 1. Together, these nations
represent about 46% of the global tourism market (UNWTO,
2024), highlighting their significance in shaping worldwide
tourism trends and practices and underlining the importance of
this study in understanding the dynamics at play within these
leading tourist destinations. Finally, for the data analysis, a multi-
methods approach was utilized that integrated quantitative
econometric panel data analysis with NCA.

Data and Variables. To investigate the impact of tourism, Fintech,
FDI, and digitalization on economic growth, we utilized data from
three prominent sources: the UNWTO1, CrunchBase2, and theWDI3.
Our dependent variable, economic growth, is quantified by GDP per
capita (constant 2015 US$), data for which were sourced from WDI.
Central to our analysis is the independent variables of Fintech
adoption, identified as key drivers of economic growth. To measure
the adoption of this technology, we analyzed the annual number of
Fintech startups listed on CrunchBase. CrunchBase is widely recog-
nized for its extensive datasets on both private and public companies,
offering detailed insights into startups, including their founding dates,
industry sectors, and investment rounds (Mungo et al., 2024; Noguti
et al., 2023). This data allowed us to assess the proliferation and
integration of Fintech across different markets, serving as a concrete
metric for their adoption within our study’s framework.

Other independent variables, such as tourism, FDI, and
digitalization, were extracted from the UNTWO and WDI
databases. The sources of all variables, along with their detailed
descriptions, are systematically presented in Table 1 of our study,
with summary statistics provided in Table 2. This comprehensive
data collection and analysis framework allows us to explore the
interactions between these variables to promote economic growth
in top tourist countries.

Data Analysis. Our baseline model for analyzing the impact of
tourism, Fintech, digitalization, and FDI on economic growth in
top tourist destinations is formulated with the development of a
baseline model represented as follows (Eq. (1):

Economic growth ðEGRÞ ¼ f ðlTRSM; FNT; lDIG; lFDIÞ ð1Þ

The model encompasses variables including economic growth,
tourism, Fintech, digitalization, and FDI. To address our research
questions effectively, we employ a structured approach in our
data analysis, leveraging Necessary Condition Analysis (NCA)
using SmartPLS v.4.3 software and specific econometric techni-
ques designed to the nature of each question. For RQ1, which
inquiries about the necessary conditions among study variables
for promoting economic growth, we utilized NCA. NCA allows
us to identify which variables among tourism, Fintech, digitaliza-
tion, and FDI are critical for economic growth to occur, focusing
on the conditions without which economic growth would be
significantly impeded or entirely unattainable. This analysis
technique is particularly suited to isolating the indispensable
factors that serve as prerequisites for achieving desired outcomes
in complex systems such as national economies (Dul et al., 2023;
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Rahman, 2024). In addressing RQ 2, which seeks to interpret the
relationships between study hypotheses, we deploy a set of
econometric models using Stata v17.0 software by following
Eq. (2):

EGRit ¼ α0 þ β1lTRSMit þ β2FNTit þ β3lDIGit þ β4lFDIit þ ϵit
ð2Þ

EGRit represents the economic growth for country i at time t. The
intercept term is denoted by α0, while β1, β2, β3, β4, and β5 are
the coefficients for the respective variables, and ϵit is the error
term. Initially, we apply pooled Ordinary Least Squares (OLS)
regression to establish baseline relationships between the
independent variables and the dependent variable (Kpognon
et al., 2020). To refine our estimates, we utilized Panel-Corrected

Fig. 1 Fintech adoption by top tourist countries.

Table 1 Variables and Description.

Variables Abbreviation Description Sources

Economic growth EGR GDP per capita (constant 2015 US$). WDI
Tourism TRSM Number of arrivals inbound. UNWTO and WDI
Fintech FNT Number of Fintech startups per year. Crunchbase
Foreign direct investment FDI Foreign direct investment, net inflows (% of GDP). WDI
Digitalization DIG Individuals using the Internet (% of population). WDI

Notes: UNTWO United Nations World Tourism Organization, WDI World Development Indicator.

Table 2 Descriptive statistics.

Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis

lGDP 28.076 28.050 30.671 25.944 1.186 0.268 3.050
lTRSM 10.893 10.673 12.292 8.762 0.813 −0.033 2.317
FNT 31.808 21.500 132.000 1.000 31.515 1.431 4.317
lFDI 1.123 1.301 3.186 −2.687 0.927 −2.070 8.509
lDIG 4.294 4.370 4.571 3.436 0.232 −1.346 4.374
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Standard Errors (PCSEs), which adjust standard errors to account
for heteroskedasticity and autocorrelation within panels, thereby
offering more reliable inference for panels with extensive time
dimensions as suggested by (Mahalik et al., 2024; Nuţă et al.,
2024; Wang et al., 2024). Further efficiency improvements were
sought through Feasible Generalized Least Squares (FGLS), which
corrects for heteroskedasticity and autocorrelation by transform-
ing the data based on a pre-estimated variance structure of errors
(Mahalik et al., 2024; Nuţă et al., 2024). Lastly, the 2-Step
Generalized Method of Moments (GMM) was applied to address
potential endogeneity issues by using instrumental variables, thus
ensuring the robustness of our findings (Jahanger et al., 2023;
Wang et al., 2024). This comprehensive approach, utilizing the
strengths of each model, allowed for a detailed analysis of the
data, affirming the positive contributions of tourism, Fintech,
FDI, and digitalization to economic growth in top tourist
countries and validating our research hypotheses with methodo-
logical rigor. By employing this comprehensive and methodolo-
gically rigorous approach, we aim to provide a sophisticated and
well-substantiated answer to each research question, shedding
light on the complex interplay between key economic factors and
growth.

Results
Outcomes of NCA. In NCA, a ceiling line is established above the
data points in an XY scatter plot, with the upper-left quadrant
indicating that high outcomes of Y are unlikely with low values of
X (Dul, 2016). As shown in Fig. 2, the extent of this area reflects
the constraints X imposes on Y; a larger area indicates more
significant constraints (Vis & Dul, 2018). NCA defines ceiling

lines using two methods: Ceiling Envelopment with a Free Dis-
posal Hull (CE-FDH) and Ceiling Regression with a Free Dis-
posal Hull (CR-FDH). CR-FDH is preferred when a linear ceiling
line closely matches the data, and a smoother transition increases
the defined ceiling area (Vis & Dul, 2018). The straight ceiling
line data patterns in Fig. 2(a–d) support using CR-FDH for this
study’s analyses. Determining the necessity of a condition
involves two criteria: the effect size must exceed a threshold of
0.1, indicating a meaningful impact, and a p-value below 0.05
from permutation testing confirms the statistical significance of
the effect size, ensuring it is not due to random variation (Ding,
2022).

In our NCA analysis, we quantified the impact of various
determinants on economic growth. FDI demonstrated substantial
positive effect sizes of 0.356 (CE-FDH) and 0.303 (CR-FDH),
underscoring its importance as a necessary condition for
economic growth with high statistical significance (p < 0.001 for
CE-FDH and p < 0.05 for CR-FDH), as shown in Table 3. Fintech
(FNT) exhibited modest yet statistically significant effect sizes of
0.037 and 0.035, indicating its contributory but less pronounced
role in economic expansion. Digitalization emerged as the most
critical factor, with the highest effect sizes of 0.416 (CE-FDH) and
0.383 (CR-FDH), both with very high statistical significance
(p < 0.001), affirming its indispensability for economic growth.
Tourism (TRSM), with effect sizes of 0.230 and 0.205, also
significantly contributed to economic development, though to a
lesser extent than FDI and digitalization. The variations in effect
sizes between the CE-FDH and CR-FDH methodologies highlight
the methodological sensitivity in identifying essential conditions
for economic growth. This analysis emphasizes the critical roles

Fig. 2 Scatter plots. NCA scatter plots with ceiling lines for FDI (a), Fintech (b), digitalization (c), and tourism (d).
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of FDI, Fintech, digitalization, and tourism as catalysts for
economic development and demonstrates the rigor and precision
of our approach within the framework of Endogenous Growth
Theory.

The bottleneck table outlines the progressive necessity of
TRSM, FDI, FNT, and DIG for achieving growing percentages of
economic growth, from 0% to 100%. Initially, for economic
growth up to 10%, none of the analyzed factors are deemed
necessary, as indicated by “Not Necessary” (NN) across the
board, as shown in Table 4. However, as we advance towards
higher economic growth levels, the essentiality of each factor
gradually intensifies. FDI shows its initial necessity at a mere
0.769% for 10% economic growth, escalating substantially to
47.692% for achieving 100% growth, underscoring its growing
importance with higher growth thresholds. Fintech’s relevance
begins to emerge at 20% growth (8.462%), with its necessity
peaking at 30.769% for complete economic development. In
comparison, DIG’s critical role becomes evident starting from a
modest 0.769% necessity for 20% growth, escalating dramatically
to 86.154% for full economic growth, highlighting its paramount
importance in the latter stages. Tourism starts to show its
necessity from the 50% growth threshold, with its significance
increasing sharply, reaching 61.538% for achieving total
economic growth. This analysis demonstrates the increasing
importance of these sectors in economic development, where
early growth phases may not heavily rely on these factors, but
their significance becomes crucial and variedly pronounced as
targets for economic growth advance, indicating the critical roles
of tourism, FDI, Fintech, and DIG in driving comprehensive
economic progress in top tourist countries.

Outcomes of Econometrics Models. The correlation matrix
clarifies the interrelationships among key study variables,
accompanied by VIF and its reciprocal (1/VIF) (see Table 5). The
analysis shows a moderately strong positive correlation between
lGDP and lTRSM (0.547), indicating that tourism enhancements

positively correlate with economic growth. The correlations
between lGDP and FNT (0.310), lFDI (0.241), and lDIG (0.286)
are positive but weaker, suggesting these sectors also contribute to
economic growth, albeit less than tourism. Interestingly, a nega-
tive correlation between FNT and lDIG (−0.103) suggests a
potential competitive or substitutive relationship between Fintech
advancements and digitalization developments. Furthermore, VIF
metrics, spanning from 1.120 to 1.800 for these variables, with
corresponding 1/VIF indicating a modest degree of multi-
collinearity, infer that while the dataset exhibits some inter-
variable redundancy, it remains within acceptable bounds for
multivariate analysis. The VIF values, all below the threshold of 5,
confirm that multicollinearity is not a concern in our dataset,
ensuring the reliability of regression estimates (Hair et al., 2012;
Henseler et al., 2009).

To test our research hypotheses concerning the determinants
of economic growth—we employed a comprehensive set of
econometric methodologies, as can be shown in Table 6. These
included pooled OLS for initial estimations, PCSEs to address
panel-specific heteroskedasticity and autocorrelation, FGLS for
further efficiency improvements by correcting these issues
through data transformation, and the 2-Step GMM for a
robustness check aimed at mitigating potential endogeneity
concerns (Arellano, 1991). Each of these methods brings its
unique strengths in handling the complex dynamics and potential
statistical issues inherent in panel data analysis, thereby ensuring
a thorough and complex understanding of the factors influencing
economic growth. The econometric results provide a detailed
examination of the influences of tourism, Fintech, digitalization,
and FDI on economic growth in top tourist countries, leading to
the acceptance of all hypothesized relationships. Specifically,
Hypothesis 1 is supported across various models including pooled
OLS, PCSEs, FGLS, and 2Step-GMM, where the coefficient for
tourism consistently demonstrates a significant positive impact
on economic growth. For example, in the pooled OLS model,

Table 4 Bottleneck table (percentage).

Economic Growth (%) TRSM FDI FNT DIG

0.00 NN NN NN NN
10.00 NN 0.769 NN NN
20.00 NN 2.308 8.462 0.769
30.00 NN 2.308 13.077 0.769
40.00 NN 4.615 13.846 3.077
50.00 1.538 5.385 17.692 7.692
60.00 3.846 6.154 20.769 10.000
70.00 10.000 6.923 22.308 20.000
80.00 30.769 10.769 27.692 26.923
90.00 51.538 20.769 29.231 50.769
100.00 61.538 47.692 30.769 86.154

Note: NN means “Not necessary.”

Table 5 Correlation matrix and VIF values.

lGDP lTRSM FNT lFDI lDIG VIF 1/VIF

lEGR 1.000 1.460 0.686
lTRSM 0.547 1.000 1.560 0.639
FNT 0.310 0.206 1.000 1.800 0.556
lFDI 0.241 0.109 0.160 1.000 1.550 0.646
lDIG 0.286 0.111 −0.103 −0.030 1.000 1.120 0.892

Table 6 Outcomes of econometric models.

Variables Model 1 Model 2 Model 3 Model 4

Pooled OLS PCSEs FGLS Sys-GMM

lTRSM 0.652*** 0.652*** 0.652*** 0.426**
(0.101) (0.054) (0.099) (0.11)

FNT 0.008** 0.008*** 0.008** 0.006*
(0.003) (0.002) (0.003) (0.003)

lFDI 0.206** 0.206** 0.206** 0.124***
(0.087) (0.07) (0.085) (0.029)

lDIG 1.326*** 1.326*** 0.206** 1.218***
(0.348) (0.318) (0.085) (0.255)

Constant 14.775*** 14.774*** 14.773*** 17.901***
(1.731) (1.394) (1.698) (1.906)

R2 0.431 0.43 — —
ar2p — — — 0.420
hansenp — — — 0.999

Notes: Robust SE in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01.

Table 3 NCA effect size (for Economic growth).

CE-FDH CR-FDH

FDI 0.356*** 0.303**
FNT 0.037** 0.035
DIG 0.416*** 0.383***
TRSM 0.230** 0.205**

Notes: ***=p < 0.001, **=p < 0.05, CR-FDH: ceiling regression with a free disposal hull, and
CE-FDH: ceiling envelopment with a free disposal hull.
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TRSM exhibits a coefficient of 0.652 with a statistically significant
p-value of 0.000, confirming the strong and positive influence of
tourism on economic growth. This robust finding is further
corroborated by the GMM model, with a slightly lower
coefficient, affirming tourism’s critical role in fostering economic
expansion.

Similarly, Hypothesis 2 to 4 are also accepted. Fintech shows a
smaller but statistically significant positive effect on GDP across all
models, including a crucial validation in the PCSEs with a p-value
of 0.000, thereby supporting H2. Digitalization, with the highest
positive coefficients in all models such as 1.326 in the Pooled OLS
and reaffirmed by 1.218 in the GMM, robustly supports H3 by
highlighting its substantial role in driving economic growth.
Finally, the positive coefficients for FDI in models like Pooled OLS
and FGLS, consistently above 0.200, validate H4, underscoring
FDI’s significant contribution to economic performance. These
results underline the importance of these factors in enhancing
economic growth in top tourist countries, offering empirical
support for focused economic policies in these areas.

General Discussion
This study explores the impact of tourism, Fintech, digitalization,
and FDI on economic growth within the framework of EGT,
focusing specifically on top tourist countries. The findings,
derived from a comparison between NCA and econometric
methods, elucidate the complex roles these factors play in sti-
mulating economic growth. Table 7 shows the findings compar-
ison between NCA and econometrics. Our findings support
Hypothesis 1, indicating that tourism is not only a significant
catalyst for economic growth but also a necessary condition for
achieving high levels of economic development. This aligns with
the principles of EGT, which suggests that investments in tourism
can induce further economic activity through enhanced infra-
structure, job creation, and stimulation of related service sectors
(Albaladejo et al., 2014; Pina & Martínez-García, 2013; Singh &
Alam, 2024). The confirmation of tourism as a critical factor in
economic growth underscores its pivotal role in the economic
dynamics of top tourist destinations, suggesting that continuous
and focused investments in this sector are essential for sustained
economic prosperity (Singh & Alam, 2024).

According to Hypothesis 2, the findings are mixed. While
Fintech significantly contributes to economic growth, it is not
deemed a necessary condition for such growth. This indicates that
Fintech’s impact, while positive, may vary depending on the level
of technological adoption and the maturity of financial markets
across different countries. The significant yet non-essential role of
Fintech suggests that its benefits can complement other economic
drivers but are not indispensable for growth in all contexts. Our
findings supported recent literature, who found that Fintech
lending is not a necessity for economic growth, but a significant
catalyst for economic growth (Rahman, 2024). The literature has
demonstrated that Fintech startups were found to be positively
correlated with economic growth, especially in their second year

of operation in Indonesia (Narayan, 2020). In China, Fintech,
including third-party payment, credit, and insurance, has been
shown to have a statistically significant positive effect on eco-
nomic growth, with different regional impacts (Song & Appiah-
Otoo, 2022).

Furthermore, digitalization strongly supports Hypothesis 3,
where it is not only significantly linked to economic growth but
also identified as a necessary condition for such growth. This
finding reaffirms EGT’s emphasis on technological innovation as
a core driver of economic development. Digitalization, by
streamlining processes and enhancing connectivity, serves as a
crucial backbone for modern economies, indicating that robust
digital infrastructure is integral to achieving sustainable economic
growth. Several studies have found a positive impact of digital
development on economic growth, with evidence showing that
more digitally developed countries had higher GDP per capita
and experienced dynamic growth in GDP (Ishnazarov et al., 2021;
Kuziyeva et al., 2022; Lukmanova et al., 2024; Mgadmi et al.,
2021; Török, 2024).

Finally, hypothesis 4 is supported, demonstrating that FDI is
both a significant and necessary condition for economic growth.
This aligns with the view that FDI introduces essential capital,
technology, and expertise that are vital for boosting productivity
and integrating local industries into the global market. The
essential role of FDI highlights its transformative potential in
enhancing the competitiveness and innovative capacities of
domestic industries. Several studies have shown contradictory
results regarding the impact of FDI on GDP and economic
growth (Encinas-Ferrer & Villegas-Zermeño, 2019; Govori &
Fejzullahu, 2020; Md. Al & Sohag, 2015; Sengupta & Puri, 2020;
Yahaya et al., 2023). The relationship between FDI and GDP
appears to depend on the host country’s absorptive capacity,
including factors such as human capital, financial development,
and trade openness (Dura & Bizuneh, 2023; Yahaya et al., 2023).
Furthermore, the impact of FDI on GDP varies across economic
sectors, with positive effects observed in some sectors and nega-
tive effects in others (Dura & Bizuneh, 2023; Govori & Fejzullahu,
2020). Different economic policies in recipient countries play a
role in explaining the varying impact of FDI on economic growth
(Sengupta & Puri, 2020). FDI has been found to have a positive
impact on GDP growth in some cases, particularly in the context
of less developed countries (Matušovičová & Matušovičová,
2023). As a result, our discussion emphasizes the essential roles
played by tourism, digitalization, and FDI as fundamental drivers
of economic growth in top tourist countries, supported by the
principles of EGT. The mixed findings regarding Fintech’s role
suggest that while it contributes positively to economic expan-
sion, its impact may depend on specific regional and technolo-
gical contexts. These results provide valuable implications for
policymakers and industry stakeholders, pointing towards stra-
tegic investments in digital infrastructure, tourism, and effective
frameworks for attracting and leveraging FDI, along with fos-
tering environments conducive to Fintech innovation.

Table 7 Findings comparison between NCA and econometrics.

Relationships Outcomes of NCA Outcomes of econometrics Remarks

H1: TRSM→GDP Tourism is necessary for high economic
growth.

Tourism significantly promotes
economic growth.

H1 is supported.

H2: FNT→GDP Fintech is not a necessary condition for
economic growth.

Fintech has a significant positive impact
on economic growth.

H2 is partially supported as it is not
necessary for economic growth.

H3: DIG→GDP Digitalization is a necessary condition for
enhancing economic growth.

Digitalization has a significant impact on
economic growth.

H3 is supported.

H4: FDI→GDP FDI is a necessary condition for economic
growth.

FDI has a significant impact on economic
growth.

H4 is supported.
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Conclusion, Implications, and Limitations
Conclusion. We examined the impact of tourism, Fintech, digi-
talization, and FDI on economic growth in top tourist countries
within the framework of EGT. Using NCA and econometric
methods, the results show that tourism, digitalization, and FDI
are significant and necessary for economic growth. Tourism plays
a crucial role, requiring continuous investment, while digitaliza-
tion significantly drives growth and highlights the need for strong
digital infrastructure. FDI introduces vital capital, technology,
and expertise, boosting productivity and global integration.
Although Fintech contributes to growth, it is not a necessary
condition, suggesting its impact depends on technological adop-
tion and financial market maturity. These findings emphasize the
need for strategic investments in tourism, digital infrastructure,
and frameworks to attract FDI. Policymakers and industry sta-
keholders can use these insights to promote sustained economic
development in top tourist destinations, leveraging technology
and investment for enhanced economic performance.

Policy Implications. Based on our study’s findings, several key
implications emerge for policymakers, industry stakeholders,
financial institutions, and international organizations. Policy-
makers should prioritize continuous investment in tourism
infrastructure and services, as tourism is identified as a significant
driver of economic growth. This can be achieved through public-
private partnerships, sustainable tourism practices, and enhanced
marketing strategies. Additionally, investment in digital infra-
structure is crucial, including expanding internet access,
improving digital literacy, and supporting the adoption of digital
technologies across sectors. The study also underscores the
importance of creating a favorable environment for FDI by
offering incentives, simplifying regulatory frameworks, and
ensuring political stability. For industry stakeholders, particularly
in the tourism sector, the focus should be on enhancing the
quality of services and leveraging digital technologies to improve
operational efficiency and customer engagement. Collaboration
with governments to develop innovative tourism products will
attract more visitors and increase revenue. Businesses should also
seek to attract FDI by highlighting growth opportunities and
engaging with international investors to bring in capital and
expertise. Financial institutions, meanwhile, should invest in
Fintech solutions, develop digital payment systems, and provide
accessible financial services to a wider population. They should
work with policymakers to create a regulatory environment that
fosters Fintech innovation while maintaining consumer protec-
tion. International organizations like the UNWTO can support
these efforts by offering technical assistance, funding, and best
practices to maximize the benefits of tourism, digitalization, and
FDI, ultimately driving sustained economic growth in leading
tourist destinations.

Limitations and Directions for Future Studies. While our study
offers comprehensive implications, it has several limitations that
future research could address. The focus on top tourist countries
may limit the generalizability of the findings. Future research
could include a broader range of countries with diverse economic
characteristics to determine if the observed relationships hold
across different contexts. Additionally, using more sophisticated
econometric techniques, such as dynamic panel models or non-
linear models, could better capture the complex interactions
among variables over time. Further, the use of annual data might
miss short-term fluctuations. Future studies could utilize higher
frequency data, like quarterly or monthly data, for more detailed
insights. Exploring how specific types of Fintech, such as

blockchain or mobile payments, affect various economic sectors,
could provide targeted policy recommendations. Investigating
potential mediators, like institutional quality and regulatory fra-
meworks, would offer deeper insights into the conditions under
which these factors promote economic growth. Lastly, employing
a mixed-methods approach that combines quantitative analysis
with qualitative case studies or interviews could enrich under-
standing and validate findings. By addressing these aspects, future
research can enhance our understanding of the interplay between
Fintech, tourism, FDI, digitalization, and economic growth across
diverse economic contexts.

Data availability
The study used subscription-based data from CrunchBase for the
Fintech variable, which cannot be shared due to licensing
restrictions. Data sources for the other variables are provided in
the manuscript. However, the dataset can be made available by
the corresponding author upon reasonable request.
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琼科函〔2025〕115 号

海南省科学技术厅关于

2025 年海南省自然科学基金项目立项的通知

各有关单位：

根据《海南省自然科学基金专项和经费管理办法》（琼科规

〔2024〕12 号）和《海南省省级财政科技项目立项评审工作细则》

（琼科规〔2022〕29 号）规定，经公开申报、形式审查、专家评

审、行政决策、项目公示等程序，2025 年海南省自然科学基金立

项 918 个项目，详见附件。现将立项项目下达给你们，请抓紧做

好项目的组织实施工作。有关事项通知如下：

一、请各项目依托单位切实履行法人责任，组织好人力、物

力和资金投入，确保项目按计划实施。项目实施过程中涉及政府

采购等方面的事项，请按有关规定执行。

二、项目管理和资金使用要严格按照《海南省自然科学基金

专项和经费管理办法》（琼科规〔2024〕12 号）和《关于改革完

善省级财政科研经费管理的若干措施》等有关规章制度执行，项

目经费实行分账核算、专款专用，实行经费包干制，不编制项目

预算。
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三、涉及生命与健康领域的项目须遵循生物安全及伦理相关

法规。涉及人的生物医学研究应执行《涉及人的生物医学研究伦

理审查办法》等规定。涉及人类遗传资源的研究应执行《中华人

民共和国人类遗传资源管理条例》等法规。涉及生物技术的研究

应遵守《生物技术研究开发安全管理办法》等规章。涉及病原微

生物的研究须遵守《病原微生物实验室安全管理条例》等法规。

涉及实验动物和动物实验的，应遵守国家实验动物管理的法律、

法规、技术标准及有关规定。

四、项目实施时间详见附件；请各项目依托单位在立项文件

下达一个月内组织项目负责人登录海南省科技业务综合管理系

统（https://stcloud.hainan.gov.cn/egrantweb/），填写项目

任务书，在线提交任务书，并将项目负责人和承担单位（合作研

究单位）签章页面盖章后扫描成 PDF 作为附件上传管理系统。无

正当理由逾期未报送任务书的视为自动放弃立项项目。

五、公开发表的论文、论著等请标注“海南省自然科学基金

资助”（英文标注为 supported by Hainan Provincial Natural

Science Foundation of China）字样及项目批准号。未按规定标

注的研究成果，验收时不予认可。

六、项目执行到期后，依托单位应当在项目实施期限届满后

3 个月内提交验收材料。无特殊原因到期未申请验收的项目，按

“不通过绩效验收评价”处理。

联系人：海南省科技厅基础研究和重大专项处 李加星

电 话：65335205
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附件：2025 年海南省自然科学基金立项项目表

海南省科学技术厅

2025 年 3月 28 日

（此件主动公开）



附件

2025年海南省自然科学基金立项项目表
单位：万元

序号 批准号 项目名称 申报单位 负责人 起止时间 资助经费

合计 8189 

一、面上项目208项，经费1664万元

1 125MS001
光色稳定Cs3Cu2Cl5量子点的调控机理及其绿光LEDs应

用研究
海南大学 鄢冬冬 2025-03-01至2028-02-29 8.00 

2 125MS002 模形式的零点 海南大学 朱道州 2025-03-01至2027-02-28 8.00 

3 125MS003 外延生长制备高量子产率近红外InP量子点研究 海南大学 张文达 2025-03-01至2028-02-29 8.00 

4 225MS004
基于SAM自由基酶催化启发的可见光促进糖类化合物位

点选择性氟官能化修饰研究
海南大学 李金山 2025-03-01至2028-02-29 8.00 

5 225MS005
界面质谱技术在膜靶向抗氧化剂微观作用机制研究中的

应用
海南大学 慕超男 2025-03-01至2028-02-29 8.00 

6 225MS006 缺陷环稠合开壳纳米石墨烯的精准合成与磁学调控 海南大学 王燕培 2025-03-01至2027-02-28 8.00 

7 225MS007
混合阳离子调控双金属卤化物钙钛矿光伏性能的理论研

究
海南大学 孙萍萍 2025-03-01至2028-02-29 8.00 

8 225MS008
酚羟基化多功能木质素的结构设计及其对天然胶乳的性

能影响研究
海南大学 汪志芬 2025-03-01至2027-02-28 8.00 

9 225MS009
DNA甲基化修饰介导I型限制修饰系统调控维氏气单胞

菌毒力的机制
海南大学 李宏 2025-03-01至2028-02-29 8.00 

10 325MS010
γ-谷氨酰二肽对传统发酵鱼露浓厚味的影响及生成机

制研究
海南大学 李倩 2025-03-01至2028-02-29 8.00 

11 325MS011 花生秧青贮过程中酪胺形成的微生物机制研究 海南大学 王目森 2025-03-01至2028-02-29 8.00 
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序号 批准号 项目名称 申报单位 负责人 起止时间 资助经费

787 725RC787 船舶港口3S监测预警的关键技术研究 海南热带海洋学院 王明雨 2025-03-01至2028-02-29 10.00 

788 725RC788
自贸港文旅主导企业突破式创新形成机制和治理政策研

究
海南热带海洋学院 徐岸峰 2025-03-01至2028-02-29 10.00 

789 725RC789 海南岛闽粤苏铁天然群落多样性格局及维持机制研究 琼台师范学院 谢春平 2025-03-01至2028-02-29 10.00 

790 725RC790
基于数字技术的海口历史性城市景观空间感知与游憩体

验研究
海南经贸职业技术学院 许家瑞 2025-03-01至2028-02-29 10.00 

791 725RC791
数字化转型驱动海南高新技术产业链韧性提升的机制与

效应研究
海南经贸职业技术学院 李倩 2025-03-01至2028-02-29 10.00 

792 725RC792 基于人工智能的海南黎族非遗知识组织与活化利用研究 海南经贸职业技术学院 王盟燏 2025-03-01至2027-02-28 10.00 

793 125RC793
面向全服役周期的车用动力锂电池内部参数关键状态协

同估计与故障诊断研究
海南科技职业大学 刘灵 2025-03-01至2028-02-29 10.00 

794 625RC794
Mask R-CNN框架下的道路缺陷无损检测及智能识别方

法研究
海南科技职业大学 白颢 2025-03-01至2027-02-28 10.00 

795 625RC795
基于SEM的海南自贸港职业教育产教融合深入发展路径

研究
海南科技职业大学 李俊 2025-03-01至2028-02-29 10.00 

796 325RC796 乌檀外泌体样纳米颗粒的跨界调控研究 海南职业技术学院 左金富 2025-03-01至2028-02-29 10.00 

797 725RC797
"智慧+"视域下海南自贸港恐怖主义活动识别与预警研

究
海南政法职业学院 朱丽波 2025-03-01至2028-02-29 10.00 

798 425RC798
降雨诱发强风化花岗岩堆积体细观结构演化及宏-细观

变形失稳机理研究
海口经济学院 王常林 2025-03-01至2028-02-29 10.00 

799 325RC799
OsWRKY27调控ABA-五羟色胺模块参与水稻盐胁迫响应

的分子机制
浙江大学海南研究院 蒋萌 2025-03-01至2027-02-28 10.00 

800 325RC800
一对串联的MYBMIXTA-like基因在棉纤维发育中的功能

研究
浙江大学海南研究院 李军 2025-03-01至2028-02-29 10.00 

801 325RC801
CcERF113调控黄灯笼辣椒高辣的分子机制解析及育种

利用研究
浙江大学海南研究院 张志远 2025-03-01至2028-02-29 10.00 
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海南省外事办公室
国际会议批复

第 20250022 号

会议名称 2025 中欧可持续生产运营论坛

会议主题 AI赋能下面向未来的可持续管理

主办单位 海南热带海洋学院

申报单位 海南热带海洋学院、中国石油大学经济管理学院

会议地点 三亚市 举办方式 线上线下相结合

举办时间 2025年 6月 13日-15日 经费来源
专项经费、项目经

费、自筹经费

是否已征求业务主管部门意见 是

会

议

类

型

及

规

模

会议类型 一般性会议

总人数 150 国外代表 3 国内代表 147

是否邀请外国政要、前政要出席 □是否

是否邀请国际组织驻华代表、外国驻华使领馆官员出席 □是否

是否邀请省领导出席 □是否

工作要求

请你单位按照“以我为主，为我所用”的原则，认真做

好会议组织工作，会议筹备请注意统筹考虑经费开支和预期

效果等，确保会议取得实效。

请于会议结束 1个月内将会议举办情况在线提交。

二〇二五年五月二十六日
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