

  sustainability-16-01379




sustainability-16-01379







Sustainability 2024, 16(4), 1379; doi:10.3390/su16041379




Article



Research on the Evaluation of Regional Scientific and Technological Innovation Capabilities Driven by Big Data



Kun Liang *, Peng Wu and Rui Zhang





School of Business, Anhui University, Hefei 230601, China









*



Correspondence: 17014@ahu.edu.cn







Citation: Liang, K.; Wu, P.; Zhang, R. Research on the Evaluation of Regional Scientific and Technological Innovation Capabilities Driven by Big Data. Sustainability 2024, 16, 1379. https://doi.org/10.3390/su16041379



Academic Editors: Manuel Filipe P. C. M. Costa, Araceli Queiruga-Dios, Miguel Ángel Queiruga Dios and José Benito Vázquez Dorrío



Received: 25 December 2023 / Revised: 29 January 2024 / Accepted: 2 February 2024 / Published: 6 February 2024



Abstract

:

Scientific and technological innovation (STI) is an important internal driver of social and economic development. Reasonable evaluation of regional scientific and technological innovation (RSTI) capability helps discover shortcomings in the development of urban development and guides the allocation of scientific and technological resources and the formulation of policies to promote innovation. This paper analyzes new opportunities created by big data and artificial intelligence for the evaluation of RSTI capability, and based on this analysis, the collaborative evaluation schemes of multi-entity participation are investigated. In addition, considering the important value of unstructured data in evaluating STI, the Latent Dirichlet Allocation (LDA) topic model and sentiment analysis method are employed to analyze the construction of an evaluation indicator system that integrates scientific and technological news data. To fully utilize the respective advantages of human experts and machine learning in the field of complex issue evaluation, this paper proposes an RSTI capability evaluation model based on AHP-SMO human-machine fusion. This study promotes the integration of science and technology and economy and has theoretical and practical significance.
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1. Introduction


Scientific and technological innovation (STI) has laid an important foundation for the sustainable development of economy and society. STI capability is a key factor in determining regional economic development and competitiveness. The evaluation of STI capability can help government departments correctly understand regional scientific and technological innovation (RSTI) development, help formulate policies and measures to promote innovation, and enhance regional competitiveness. Existing research examines mainly the evaluation of RSTI capability in terms of the aspects of relevant concepts, evaluation indicators, and evaluation methods [1,2,3].



The development of big data and artificial intelligence provides new opportunities for the evaluation of RSTI capability [4]. Big data can help evaluators dynamically recognize RSTI capabilities from multiple dimensions. Most studies use structured data and indicators published by statistical departments to evaluate regional S&T innovation capacity [1]. However, statistical indicators usually have a lag, that is, statistics on technological innovation in a specific region for the current year are not released until the following year. Therefore, the evaluation results of regional S&T innovation capacity based solely on government statistical indicators may lag behind the actual situation of regional S&T innovation capacity development. In the big data environment, massive unstructured data such as social media news reports provide a new perspective for the evaluation of RSTI capability. News reports based on social media can reflect major RSTI events in real time. For example, on 12 August 2023, the China Enterprise Development Research Center of Xinhua Research Institute released the Artificial Intelligence Large Model Experience Report 2.0. Iffc Spark from Hefei, Anhui Province ranked first in the domestic mainstream large model evaluation, with a total score of 1013 points. This science and technology news quickly affected the flow of science and technology resources and innovation output in the field of artificial intelligence in China. However, it takes a year for the data on scientific and technological achievements to be reflected in government statistics. Therefore, the evaluation of RSTI capability integrated with news reports has better timeliness, which is conducive to discovering problems in advance and seizing the opportunity to formulate relevant policies to promote innovation.



Although from the perspective of big data, RSTI capability can be evaluated more comprehensively and in real time, some problems remain. On the one hand, in the big data environment, RSTI capability data are distributed in different network spaces and belong to multiple entities, such as government departments, universities, research institutes, and science and technology enterprises. It is difficult to fully grasp the real situation of RSTI capacity based only on the data of a single entity. Determining how to promote multiple entities to share their own data and carry out collaborative evaluation of RSTI capability is a problem that warrants an investigation. On the other hand, in the big data environment, a single indicator has a low contribution to the evaluation of RSTI capability and has value sparsity, but massive data have value emergence. Determining how to design a reasonable evaluation indicator system and build an evaluation model for RSTI capability by using expert knowledge and machine learning is worthy of further exploration.



Therefore, the research problem of this paper is determining how to use multi-source heterogeneous big data, and combine the advantages of expert evaluation and machine learning to build an integrated model to scientifically evaluate RSTI capability. First, this paper proposes a multi-entity collaborative evaluation scheme that designs relevant incentive measures on the basis of fully considering the interest demands of different evaluation entities to encourage these multi-entities to jointly participate in the evaluation of RSTI capability. Second, considering science and technology news data, this paper proposes an RSTI capability evaluation indicator system that integrates science and technology news data, with the aim of improving the lag of structured statistics indicators in the evaluation of RSTI. Last, this paper fully considers the respective advantages of human experts and machine learning in the evaluation and decision-making field and proposes an RSTI capability evaluation model that is based on AHP-SMO human-machine fusion. We combine the data of Anhui Province to verify the effectiveness of the proposed evaluation indicator system and evaluation model.



This paper is arranged as follows: Section 2 introduces related research; Section 3 describes the collaborative evaluation scheme; Section 4 and Section 5 introduce the evaluation indicator system and evaluation model, respectively; Section 6 carries out the empirical research using Anhui Province data; and Section 7 concludes the paper and describes the theoretical and practical contributions of this research.




2. Related Studies


Constructing a reasonable evaluation system and a scientific evaluation model is essential to ensure the effectiveness of the evaluation results of RSTI capability. Many scholars have carried out research in terms of these two aspects.



In terms of evaluation indicators, the evaluation of regional innovation capacity originated from economics and can be traced to the research of Nelson [5], Trevor [6], and Oakey et al. [7]. Among them, representative achievement is the evaluation method based on regional infrastructure, innovation environment, and the correlation strength between them proposed by Porter [8]. Subsequently, Furman et al. [9] further added evaluation indicators such as the industrial cluster environment and the collaborative quality of innovation subjects on the basis of them. In recent years, scholars have made comprehensive use of statistical indicators in innovation environments, financial support, science and technology, and policies and regulations to build an evaluation system for RSTI capacity. Based on statistical yearbook data, Xu et al. (2018) constructed an evaluation system of RSTI capacity containing 15 indicators and conducted an empirical study on the RSTI capacity of 11 provinces and regions in the Yangtze River Economic Belt to provide enlightenment for regional coordinated development. The results show that investment funds are an important factor of the regional difference in STI capability [1]. Through several expert discussions, Dai et al. (2022) constructed an evaluation system containing 20 indicators in terms of three aspects—government support, technological capacity, and basic conditions—which were utilized to analyze the RSTI capacity of six cities in Taiwan and to provide a basis for relevant departments to allocate resources, formulate regional innovation policies, and promote regional development [2]. A study by Yang and Li et al. (2022) shows that accelerating the intelligent transformation of the manufacturing industry is an important strategic choice to achieve green innovation transformation [10]. Based on the perspectives of static efficiency and dynamic productivity, they used a dynamic spatial lag model (DSAR), mediating effect model, and moderating effect model to analyze the impact of manufacturing intelligence on green innovation performance and its internal mechanism at theoretical and empirical levels.



In terms of evaluation methods, many studies have developed various multicriteria decision-making (MCDM) models related to expert judgment [11,12,13]. For example, Paredes-Frigolett et al. (2014) used MCDM to rank the performance of national innovation systems in Argentina, Brazil, Chile, Mexico, Portugal, and Spain [14]. Different researchers built their own theoretical frameworks based on the analytic hierarchy process (AHP) to evaluate the innovation performance of NUTS2 or NUTS3 regions in the Czech Republic [15,16]. Hwangbo and Park (2021) also applied the AHP to study policy tools related to the development of innovation systems in the Mekong Delta region [17]. Yang and Wu et al. (2022) constructed a data-driven DEA-Malmquist evaluation model to evaluate and optimize the technological innovation efficiency of regional industrial enterprises [3]. Ture et al. (2019) used TOPSIS to assess the performance of the 27 EU Member States with respect to each EU 2020 strategy [18]. Stankovidic et al. (2021) employed VIKOR to rank European cities based on urban development indicators. However, the findings show that when there are many criteria, most methods become complex, and it is challenging to maintain consistency within and between evaluators [19]. In recent years, scholars have employed machine learning-related methods to build an RSTI capability evaluation model to overcome the inconsistency of human experts when there are too many standards. Li and Zhang et al. (2020) applied BP neural networks to establish a performance evaluation model for enterprise breakthrough innovation [20]. Through the model training and simulation verification of the sample enterprises’ breakthrough innovation performance evaluation, the results show that the method has high reliability and that the model has good generalization ability. In addition, considering the systematic characteristics of RSTI capability, it is difficult to describe the overall picture of the influencing factors, evaluation results, and changing trends of RSTI capability by using a single evaluation method. In recent years, scholars have tried to combine machine-learning-related methods with traditional mathematical statistical analysis to build an evaluation model of RSTI capability. Li and Chen (2015) used principal component analysis and cluster analysis to empirically analyze and compare the RSTI capabilities of 30 provinces in mainland China [21].



In summary, existing research has achieved certain results in the evaluation of RSTI capability, which provides the basis for this study. However, there are still some problems that warrant further investigation. First, the RSTI capability data are derived from government departments, scientific research institutions, science and technology enterprises, universities, and other entities. Determining how to construct a multi-entity collaborative evaluation scheme so that different entities can participate in the evaluation process of RSTI capability is worthy of further analysis. Second, in the context of big data, the data of RSTI capability include structured and unstructured data. Determining how to extract unstructured indicators from science and technology news texts through text analysis and other methods, and combine them with structured statistical indicators to build an evaluation indicator system that integrates science and technology news data, warrants further investigation. Third, determining how to integrate the respective advantages of human experts and machine learning to build a human-machine combination evaluation model of RSTI capability is worthy of further analysis.




3. Collaborative Evaluation Scheme


The big data of RSTI capability are distributed in different areas of cyberspace and belong to multiple entities. The establishment of a collaborative evaluation model of RSTI capacity can promote multiple entities to share their own data and participate in evaluation activities, making the evaluation results more accurate and comprehensive.



However, some problems remain in the process of collaborative evaluation of RSTI capability. First, different entities have different positions and functions in collaborative evaluation, so it is necessary to propose a reasonable multi-entity functional design scheme. Second, multiple entities have different interest considerations and concerns in data sharing and collaborative analysis, such as whether they can obtain the innovative resources of other entities through collaborative analysis, and they may also be concerned with the leakage of trade secrets in data sharing. Therefore, it is necessary to design scientific incentives and protection measures for the collaborative evaluation of RSTI capability. Third, the big data possessed by different entities are heterogeneous, including structured data and unstructured data. Therefore, it is necessary to design a scientific heterogeneous data fusion scheme to lay the foundation for collaborative evaluation. Fourth, to avoid multiple entities providing false information due to speculation, a collaborative credit evaluation mechanism is needed, and the innovation capability data provided by any entity need to be verified by multiple parties and included in the integrity file of the corresponding entity, which provides a basis for the implementation of relevant reward and punishment measures.



To solve the above problems, this paper proposes a collaborative evaluation scheme of RSTI capability, including a data layer, evaluation layer, and policy layer, as shown in Figure 1.



The big data of RSTI capability belong to many entities, such as government departments, universities, research institutes, and science and technology enterprises. Multi-entity collaborative analysis can effectively improve the comprehensiveness and accuracy of evaluation results. However, multi-entities have different statuses, abilities, and functions in collaborative evaluation, so it is necessary to evaluate the multi-entity functional design scheme for collaborative evaluation of RSTI capability according to the differences among entities.



The credibility of government departments renders them authoritative in the evaluation of RSTI capability. However, there are also disadvantages of being both an “athlete” and a “referee” in the identity, so in the process of carrying out an evaluation, certain problems are inevitable, such as improper profit distribution, evaluations that are not objective enough, and processes that are not transparent enough. Therefore, we propose an evaluation model with the participation of a government-led third-party evaluation agency, that is, government departments entrust third-party institutions with evaluating RSTI capabilities. Compared with the internal evaluation of the government, third-party evaluation institutions have the characteristics of independence, objectivity, and impartiality, which can more truly reflect the development level of RSTI capability. Government departments should perform well in the collaborative evaluation process, formulate evaluation programs, and provide policy and financial support. Scientific and technological enterprises, institutions of higher learning, and research institutes are the core entities of RSTI. Among them, institutions of higher learning and research institutes are important production places for STI achievements, and scientific and technological enterprises are the main promoters of the application and landing of STI achievements.



Government departments need to formulate relevant policies and measures according to the interests and needs of different core entities and to encourage all entities to participate in STI data sharing. For example, by formulating relevant policies, the research projects and research funds of government departments are appropriately inclined to universities and research institutes that participate in data sharing. For science and technology enterprises, participating in the data sharing of STI can increase the enterprise’s innovation points and obtain customized science and technology policy services. In addition, this participation can further improve the tax incentives for R&D expenses of STI enterprises and provide financing guarantees for the innovation activities of scientific and technological enterprises. Through measures such as government procurement, supporting funds, market-based salaries, and senior talent rewards, we will provide a good innovation environment for technology enterprises that participate in data sharing. Through comprehensive policies, the enthusiasm of core entities to participate in the sharing of STI data will be increased. Government departments also need to provide financial support for the construction of STI data-sharing platforms and third-party evaluation institutions to implement evaluation programs.



The RSTI data-sharing platform is mainly responsible for the collection, verification, processing, and sharing of evaluation data. First, due to the wide range of sources of big data for STI and the fast update speed, we recommend the use of cloud collection tools to determine the fields and content to be collected, set collection rules, and distribute data to multiple entities such as universities, enterprises, and research institutes to implement automated data collection. Second, it is necessary to establish a collaborative credit evaluation mechanism based on blockchain and to use the consensus mechanism of blockchain to test the consistency of the innovation capability data provided by multiple entities in different periods at different calibers to verify the authenticity of the innovation capability data. Third, the original collected data of STI often contain missing values and outliers, so data need to be preprocessed, including filling of missing values and outlier detection and correction. Finally, the sharing platform needs to integrate the multi-source heterogeneous STI data through data fusion and set sharing permissions. We propose using the knowledge graph method based on domain ontology to fuse multi-source heterogeneous data through metadata to lay a foundation for the evaluation of RSTI capability.



The third-party evaluation institution is the main body of the evaluation of STI capability. The third-party institution should fully communicate with the entrusting party (government department) and formulate the evaluation implementation plan. The evaluation implementation plan should conform to the principles of feasibility, comprehensiveness, and simplicity. The evaluation content, method, step, and time node arrangement are scientific and reasonable, with operability. In addition, according to the characteristics and evaluation requirements of STI data, a reasonable evaluation indicator system is determined. For example, considering the heterogeneity of data, it is necessary to comprehensively consider structured data and unstructured data in the process of building an evaluation indicator system. Since STI data have the characteristics of massive, heterogeneous, and dynamic big data, it is suggested to construct data analysis and mining models and combine the opinions of experts in the field to implement the evaluation scheme of RSTI capability. Visualization tools are used to present the evaluation results of RSTI capability for government departments to make decisions.



Scientific and technological enterprises, institutions of higher learning, and research institutes are the core entities of RSTI. Among them, institutions of higher learning and research institutes are important production places for STI achievements, and scientific and technological enterprises are the main promoters of the application and landing of STI achievements. Therefore, these core entities are the main sources of RSTI data, and need to be sorted, provided, and verified for the evaluation of RSTI capability according to the requirements of the data-sharing platform. In addition, some government departments (such as the Patent Office and the Bureau of Statistics) can also provide RSTI data and conduct collaborative verification with the data of core entities. In consideration of information security, it is recommended to use asymmetric encryption for data transmission among core entities, relevant government departments, and sharing platforms.



In summary, different entities bear different responsibilities in the collaborative evaluation of RSTI capabilities and enjoy certain rights according to relevant incentive policies. Table 1 summarizes the responsibilities and rights of each entity in collaborative evaluation.




4. Construction of Evaluation Indicator System


To more scientifically reflect the level of RSTI capability, this paper integrates science and technology news indicators on the basis of traditional evaluation indicators and builds an evaluation indicator system that integrates science and technology news data. Compared with traditional innovation ability evaluation indicators, science and technology news can reflect the development of RSTI capability in real time and is an important supplement to traditional structured data indicators.



Taking into account the unstructured data characteristics of science and technology news, this paper comprehensively uses topic analysis and sentiment analysis to extract the topic and sentiment features of science and technology news texts. Then, the evaluation indicator of RSTI capability based on science and technology news data is extracted in terms of the aspects of science and technology news topic, sentiment, and influence.



We use the LDA topic model to analyze the types of topics reflected in science and technology news. Common topics in science and technology news include financial support for innovation, economic output of innovation, science and technology resources, scientific research, and social and ecological benefits. In-depth analysis of these topics is helpful to scientifically evaluate RSTI capability. This paper uses the LDA topic model to analyze the topic types contained in science and technology news.



The LDA topic model is a three-layer Bayesian document topic generation model. The basic idea is to assume that there are several independent hidden topics in the corpus and to generate all the words in the corpus documents according to the probability distribution of these topics so that the documents can be understood as the distribution of specific hidden topics. The LDA model overcomes the defects of traditional Vector Space Model (VSM)-based modeling, such as excessive text bits, extremely sparse text, and inability to consider text semantic information. The basic process is shown in Figure 2, where φ represents the word distribution, θ represents the topic distribution, α is the prior distribution parameter of the topic distribution θ (i.e., Dirichlet distribution), β is the prior distribution parameter of the word distribution φ, z represents the topic generated by the model, w represents the word eventually generated by the model, and Nd represents the total number of words in the corpus. D represents the total number of texts in the corpus. The output of the topic model is shown in Table 2 and Table 3.



In Table 2, each row represents the topic probability distribution of the text, and all p values in each row sum to 1. In Table 3, each row represents the word probability distribution of the topic, and all p values in each row sum to 1.



In addition, we also use the sentiment analysis method to extract the emotional tendency of science and technology news. Sentiment analysis is also referred to as opinion mining and tendency analysis. Sentiment analysis is the process of analyzing, processing, summarizing, and reasoning about subjective texts with emotional colors. The internet has produced many valuable comments about people, events, and products. These comments express people’s various emotional colors and emotional tendencies, such as joy, anger, sorrow, joy, criticism, and praise. Users can read these subjective comments to understand the public opinion of a certain event or product. Therefore, the use of sentiment analysis technology can help us quickly understand the scientific, economic, and social impacts of STI events described in news reports. This paper uses the emotional tendency analysis function of the Baidu Brain AI open platform to analyze the sentiment of science and technology news. Baidu AI emotion analysis is based on deep learning training, automatically learns deep semantic and syntactic features, has good generalization ability, and can still maintain a good sentiment analysis effect on relatively long sentences. For text with subjective descriptions in specific scenes, Baidu AI emotion analysis technology can automatically identify the core entity words in the text and judge the corresponding sentiment and corresponding confidence of each entity word, and the accuracy rate of sentiment orientation analysis in multiple fields of text can exceed 95%.



Based on the relevant literature and the topic, sentiment, and influence indicators of science and technology news, the evaluation indicator system of RSTI capability is constructed, as shown in Table 4. The system selects 33 indicators to evaluate the RSTI capability in terms of four aspects: the ability to initiate STI, the ability to realize STI, the ability to transform STI, and the ability to support the innovation environment. The ability to initiate STI is the core driving force for the development of RSTI and provides talent, funds, and platforms for STI activities in the region. Therefore, this paper mainly evaluates the ability to initiate STI through scientific and technological human resources, financial resources, and innovation platforms. The ability to realize STI is a key indicator for measuring the output of urban STI activities, and includes the output of innovative knowledge with patents and scientific papers as the core and the output of an innovative economy with a high-tech industry as the core. The transformation ability of STI is a concentrated reflection of the impact of RSTI activities on industrial structure upgrading, the ecological environment improvement, and people’s living standards. This paper mainly measures the economic benefit, ecological benefit, and social benefit in terms of three aspects. In recent years, RSTI has increasingly emphasized green innovation and the protection of the ecological environment. Therefore, we particularly consider ecological effects. The ability to support the innovation environment is an important guarantee for the development of RSTI, and includes the support of the regional economic environment, financial support, the educational environment, and STI publicity. According to the scientific, systematic and comprehensive principles of indicator selection and taking into account the availability of data, an RSTI capability evaluation system consisting of 4 first-level indicator layers, 12 second-level indicator layers and 33 third-level indicator layers was finally constructed, as shown in Table 4.




5. AHP-SMO Evaluation Method


To give fully utilize the respective advantages of human experts and machine learning in the field of complex problem evaluation and to provide complementary advantages, this paper proposes an AHP-SMO-based RSTI capability evaluation method.



First, this method uses the AHP model and combines the opinions of human experts to conduct an overall evaluation of the RSTI capability of typical cities at the macro level. Second, the Sequential Minimal Optimization (SMO) algorithm and fine-grained evaluation indicator are used to establish the evaluation model of RSTI capability at the micro level. The AHP-SMO evaluation method proposed in this paper can effectively integrate the advantages of human experts and machine learning. On the one hand, human experts can fully grasp the macro situation of the problem and are capable of performing an overall evaluation of the RSTI capability of typical cities at the level of evaluation criteria. On the other hand, machine learning can accurately grasp the fine-grained impact of the underlying indicators on RSTI capability and overcome the differences in the opinions of human experts in the case of numerous indicators, difficulties in determining weights, and inconsistent judgment matrices.



The analytic hierarchy process (AHP) is a systematic method that takes a complex decision problem as a system, decomposes the decision target into multiple criteria and indicators, and provides multi-scheme optimization decisions through the qualitative indicator fuzzy quantification method [41]. Presently, the analytic hierarchy process (AHP) has been widely employed in decision making and evaluation in the field of economic management. Different from the traditional AHP, which considers the total ranking of the criterion layer and the single ranking of the indicator layer, this paper only uses the AHP to consider the total ranking of the criterion layer because human experts can easily grasp high-level abstract information and give accurate evaluations. For the weight calculation of the indicator layer, we use the SMO method to fully utilize the advantages of machine learning. Next, this paper describes the basic flow of the proposed AHP-SMO method.



	(1)

	
Construction of the hierarchical structure model







Based on the characteristics of RSTI capability, the evaluation criteria of RSTI capability are established in terms of four aspects, namely, the ability to initiate STI, the ability to realize STI, the ability to transform STI, and the ability to support the innovation environment, as shown in Table 4. We regard the evaluation criteria in Table 4 as the criterion layer in the analytic hierarchy process.



	(2)

	
Weight calculation of the criterion layer







Through pairwise comparison of each factor of the criterion layer, the judgment matrix is formed. The maximum eigenvalue and eigenvector are calculated according to the constructed judgment matrix. Then, the consistency test of the judgment matrix is carried out according to CI = (λmax − n)/(n − 1), where λmax is the maximum eigenvalue of the matrix and n is the order of the matrix.



It is generally believed in engineering that if CR = CI/RI ≤ 0.1, then the matrix satisfies the consistency test. RI is a random consistency index. In this case, the eigenvector of the matrix is normalized as the weight vector W.



	(3)

	
RSTI capability level identification of typical cities







We asked several experts to rate the selected typical cities in terms of four aspects of the criteria layer. The rating range is [0, 100]. The higher the score in a particular category, the stronger the city’s ability in this area. We remove the highest and lowest scores for all experts and average the remaining expert scores. Considering the weight of each criterion and expert opinions, the level of RSTI capability of each typical city is determined.



	(4)

	
SMO evaluation model







Taking typical cities as the benchmark, a complete evaluation model of RSTI capability is established using the SMO method according to their indicator values and identified levels of RSTI. According to the established SMO evaluation model, the level of RSTI capability of other cities is determined.



The SMO algorithm is mainly utilized to solve the optimization problem of the objective function of the support vector machine [42]. SVM minimizes generalization error by minimizing structural risk. Consider the binary classification problem of dataset (x1, y1),..., (xn, yn), where xi is the input vector and yi{−1, 1} is the class label of the vector and only two values are allowed. Optimization of the objective function of a soft edge support vector machine is equivalent to solving the maximum value of the following quadratic programming problem:


  W =     max   α    ⁡    ∑  i = 1   n      α   i       −   1   2     ∑  i = 1   n      ∑  j = 1   n      y   i     y   j   K     x   i   ,   x   j         α   i     α   j      








satisfying:


  0 ≤   α   i   ≤ C ,             f o r   i = 1,2 , … , n ,               ∑  i = 1   n      y   i     α   i     = 0 ,  








where C is a parameter of the SVM, referred to as the penalty factor, which defines the penalty for misclassification, and K(xi, xj) is the kernel function.



SMO decomposes the whole quadratic programming problem into many small problems that are easy to solve; that is, the optimization problem of Lagrange multipliers corresponding to two samples is separately solved.



The termination condition of the SMO algorithm can be that the KKT condition is satisfied for all vectors, or the growth rate of the objective function W(a) is less than a certain threshold, that is,


    W     α   t + 1     − W     α   t       W     α   t       < T  











This paper divides the RSTI capability of different cities into several different levels, which is essentially a multiclassification problem. We adopt a 1 vs. 1 strategy to transform SMO binary classification into a multiclassification model. For the n-classification problem, the 1 vs. 1 strategy needs to train N × (N − 1)/2 classifiers, and classifier (i, j) can judge whether a point belongs to i or j. When an unknown sample is classified, each classifier makes a judgment on its category and “casts a vote” for the corresponding category. The category with the most votes is the category of the unknown sample.




6. Empirical Research


This paper takes Anhui Province of China as the object to study the evaluation of the RSTI capability of each city under the jurisdiction of Anhui Province. Anhui Province is an important part of the Yangtze River Delta in the national economic development of the strategic thrust and several domestic economic plate docking zones. In 2022, the GDP of Anhui Province reached CNY 4504.5 billion, with year-on-year growth of 3.5% at constant prices. The per capita GDP reached CNY 73,603. Anhui Province has jurisdiction over sixteen cities, namely, Hefei, Wuhu, Chuzhou, Fuyang, Anqing, Ma‘anshan, Suzhou, Bozhou, Bengbu, Lu‘an, Xuancheng, Huainan, Huaibei, Tongling, Chizhou, and Huangshan.



Due to the integration of Anhui Province into the Yangtze River Delta, it has made great progress in the field of scientific and technological innovation. For example, Hefei, the provincial capital of Anhui Province, is known as a city of science and technology, with the most intensive layout of national major scientific projects besides the capital Beijing, and has made outstanding achievements in fields such as chips and artificial intelligence. Hefei’s scientific and technological innovation has also led to the common progress of other cities in Anhui Province. Therefore, many provinces and regions in China pay great attention to the innovative development path of Anhui Province, and send delegations to learn about the advanced experience of innovative development in Anhui Province. This paper chooses Anhui Province as a good representative example. The research results of this paper also play a positive role in the improvement of scientific and technological innovation ability in other regions.



To verify the validity of the evaluation system and evaluation method proposed in this paper, we collected the main indicators (F1–F29) used in existing studies to evaluate RSTI capability from the Anhui Provincial Bureau of Statistics (http://tjj.ah.gov.cn/oldfiles/tjj/tjjweb/tjnj/2022/index.htm, accessed on 26 August 2023). We also collected science and technology news data from the Science and Technology Information section of the Anhui Provincial Science and Technology Department (http://kjt.ah.gov.cn/kjzx/index.html, accessed on 26 August 2023) and obtained the evaluation indicator of science and technology news (F30–F33) through statistical analysis, topic analysis, and sentiment analysis. Due to the different units of measurement among different indicators, there are enormous differences in values. To prevent evaluation indicators with high absolute values from concealing the impact of other indicators on RSTI capability, we carry out maximum and minimum normalization processing for all indicators as follows:


    F   i j   ∗   =     F   i j   −   F   j   m i n       F   j   m a x   −   F   j   m i n      








where     F   i j     represents the value of city   i   on indicator     F   j    ;     F   j   m a x     and     F   j   m i n     represent the maximum value and minimum value of all cities on indicator     F   j    , respectively; and     F   i j   ∗     represents the normalization of the value of city   i   on indicator     F   j    . After normalization, the value range of all indicators is reduced to the range [0, 1]. Table 5 shows the normalized values of cities in Anhui Province on different indicators.



Next, we use the AHP-SMO method proposed in Section 5 to evaluate the RSTI capability of these 16 cities. First, we invited 10 experts from Anhui University who study RSTI capability and experts from the Anhui Provincial Bureau of Statistics who are responsible for the data statistics of RSTI capability to evaluate the RSTI capability of some typical cities using the AHP method. We selected four typical cities based on expert opinions, namely, Hefei, Ma‘anshan, Chuzhou, and Huaibei. The selection is based on the notion that it is easy for experts to reach a consensus, the selected cities are representative to a certain extent, and the technological innovation capability of different cities is significantly different. Through the analytic hierarchy process, this paper provides the level of RSTI capability of these four typical cities. Here, we make two innovations in the use of the analytic hierarchy process. First, considering that there are too many decision-making schemes involving 16 cities, which may lead to expert decision-making difficulties and inconsistency in the judgment matrix of the analytic hierarchy process (AHP), we only use the analytic hierarchy process (AHP) to determine the level of RSTI capability of four typical cities. Then, these four typical cities serve as benchmarks, and the SMO method is further utilized to analyze the level of technological innovation capability of other cities. Second, considering the advantages of expert opinions in grasping the macro environment, we only construct a judgment matrix for the criterion layer and calculate its weight. For the indicator layer, we use the level of RSTI capability of typical cities assigned by experts as class labels and the value of each indicator as the input data of the SMO model to determine the impact of each indicator on RSTI capability. The above two innovations fully combine the advantages of human experts and machine learning in processing macro and micro information and comprise the ideas for the construction of human-machine combined models that can be widely applied to complex decision-making problems in the field of economic management.



Table 6 shows the importance evaluation of the expert group on the four aspects of the guideline layer, which are the ability to initiate STI, the ability to realize STI, the ability to transform STI, and the ability to support the innovation environment. We invited 10 experts to score the importance of each criterion, calculate the average importance of each criterion, make pairwise comparisons, construct a single-level comparison judgment matrix, and calculate the weight of the criterion layer.



As shown in Table 6, the maximum eigenvalue of the judgment matrix λmax = 4.0127 and the consistency index CI = 0.0004. When n = 4, RI = 0.90. Therefore, if the consistency ratio CR = CI/RI = 0.0047 < 0.01, the consistency test passes. The eigenvector corresponding to the maximum eigenvalue is the weight vector w, which is calculated as w = (0.0639, 0.1643, 0.2762, 0.4956).



We invited ten experts to score the four typical cities of Hefei, Ma‘anshan, Chuzhou, and Huaibei in terms of the four aspects of the standard layer. The scoring range is [0, 100]. The higher the score in a particular category, the stronger the city’s ability in this area. We remove the highest score and lowest score from all the experts’ scores and average the scores of the remaining experts to obtain a score table, as shown in Table 7.



According to the score table and weight vector, the expert group’s comprehensive scores for the four typical cities of Hefei, Ma‘anshan, Chuzhou, and Huaibei are presented as follows:



(Hefei, Ma‘anshan, Chuzhou, and Huaibei)


   =  [    94 ,   97 ,   93 ,   96     83 ,   86 ,   81 ,   80     75 ,   78 ,   79 ,   76     63 ,   65 ,   68 ,   61    ]      ×      (  0  . 0639 ,   0   . 1643 ,   0   . 2762 ,   0   . 4956   )   T      =      (  95  . 2079 ,   81   . 4537 ,   77   . 0933 ,   63   . 7184   )   T    











According to the expert opinion and AHP analysis method, the RSTI capability levels of Hefei, Ma‘anshan, Chuzhou, and Huaibei are levels 1, 2, 3, and 4, respectively. Among them, Hefei has the strongest RSTI capability.



To further analyze the impact of various indicators on the RSTI capability of all cities and to establish a comprehensive evaluation model for RSTI capability, we construct the SMO model by taking the indicator value and level of a typical city’s RSTI capability as feature variables and target variables, respectively. Then, we use the constructed SMO model to evaluate the level of RSTI capability of the other 12 cities. The results are shown in Table 8. To visually display the RSTI capability and geographical location of each city, this paper draws a map of Anhui Province and marks the grade of each city with different colors, as shown in Figure 3.



As shown in Table 8 and Figure 3, among the 16 cities, Hefei is the only city with a first-level technological innovation capability. Hefei is the provincial capital city of Anhui Province and the subcentral city of the Yangtze River Delta urban agglomeration. With the approval of the comprehensive national science center in Hefei, the construction and layout of a series of scientific research infrastructures, such as universities, innovation platforms, and scientific installations, have made Hefei a truly innovative city. In the 2021 Global Innovation Index Report released by the World Intellectual Property Organization, Hefei ranks 73rd and is one of the top 100 regional innovation clusters in the world. Cities with a second level of RSTI capability include Ma’anshan and Wuhu. From a geographical perspective, these two cities are located in the area surrounding Hefei. Hefei also plays a driving role in the development of technological innovation capabilities in these two cities. In recent years, the robotics industry in Wuhu city has also made significant progress, establishing the first national-level robotics industry development agglomeration zone in China. The robotics industry has formed a full industry chain aggregation trend, where core components are independently controllable, robot bodies are near the international first-class level, and robot system integration is becoming increasingly mature. Ma’anshan city is also accelerating the construction of a “1 + 3 + N” industrial cluster, with “1” being a national-level industrial cluster of advanced structural materials led by the steel industry. Cities with a third level of RSTI capability include Chuzhou, Anqing, Fuyang, Bengbu, and Xuancheng. The overall performance of these cities’ technological innovation capabilities is average, but they also have certain advantages in specific fields. For example, in 2022, two projects in Bengbu City were approved by the National Key R&D Plan and were approved to jointly build a sensor industry common technology research center with Anhui University. The cities with the RSTI capability of level four include Huaibei, Bozhou, Suzhou, Huainan, Lu’an, Tongling, Chizhou, and Huangshan. Due to various factors, such as historical development, geographical location, and industrial structure, the technological innovation capabilities of these eight cities still need to be further improved.



To further explore the effect of the science and technology news indicators (F30–F33) on the RSTI capability, we only use the common indicators (F1–F29) in the literature to rebuild the evaluation indicator system and use the AHP-SMO method to evaluate the RSTI capability of 16 cities. We then compared the experimental results with the evaluation results in Table 8 (evaluation results produced using the technology news indicators).



The experiment shows that, compared with Table 8, the overall difference in the evaluation results generated by not using technology news indicators is not significant and that the main difference lies in the judgment of Bengbu’s RSTI capability. When using technology news indicators, Bengbu is rated as level 3; when technology news indicators are not utilized, Bengbu is rated as level 4. We believe that the reason for this difference lies in the notion that science and technology news indicators are preemptive in the evaluation of urban innovation capability, while statistical indicators lag behind. Generally, statistical data from the previous year are not released until the following year. The statistical indicator values for 2021 used in this paper (F1–F29) were published in 2022. Therefore, when we use these statistical indicators to evaluate the technological innovation ability of cities, the evaluation results reflect the past situation. If a city is in a period of rapid development of RSTI capability, the evaluation result of this lag often cannot reflect the new situation of RSTI capability. The science and technology news indicators are preconceived, and the science and technology news in 2021 will often affect the innovation promotion policies and the allocation of science and technology resources in 2022 and beyond, and then affect the rating of RSTI capabilities. Therefore, the evaluation results using only the statistical indicators (F1–F29) reflect that Bengbu’s RSTI capability in 2021 is level 4, while the evaluation results including science and technology news indicators (F1–F33) reflect that Bengbu’s RSTI capability in 2022 is level 3. There is no significant difference in the evaluation results of the RSTI capability of other cities with or without the inclusion of science and technology news indicators because these cities are in a relatively stable period and their RSTI capability has no grade breakthrough in the short term.



To verify the rationality of the above theoretical analysis, we carry out a detailed analysis of the science and technology news data of Bengbu. Table 9 shows the topics and keywords of science and technology news in Bengbu in 2021 based on LDA model analysis. For further analysis, we selected the top three most widely discussed topics: financial support for innovation, economic output from innovation, and resources for science and technology.



Topic 1 discusses financial support for innovation. Figure 4 shows the word cloud map for Topic 1, where the larger the font size, the more frequent and important the keyword in Topic 1. Through analysis, it is determined that Topic 1 focuses on how to promote the improvement in RSTI capacity through supporting measures such as tax relief policies and project incubation. We also found that through the news report on Topic 1, the values of indicators such as tax reduction and exemption for high-tech enterprises (F28, F29) in Bengbu City in 2022 have significantly improved, as shown in Figure 5.



Topic 2 discusses innovation economic output. Figure 6 shows the word cloud map for Topic 2, where the larger the font size, the higher the frequency and importance of the keyword in Topic 2. An analysis reveals that Topic 2 focuses on the impact of RSTI news on the transformation of scientific and technological achievements, new product research and development, and increased output value of related enterprises. Simultaneously, we find that through the news reports of Topic 2, the values of indicators such as new product sales (F14) and high-tech industry output value (F15) of Bengbu City in 2022 have significantly increased, as shown in Figure 7.



Topic 3 discusses the situation of scientific and technological resources. Figure 8 shows the word cloud map for Topic 3, where the larger the font size, the higher the frequency and importance of the keyword in Topic 3. An analysis reveals that Topic 3 focuses on the development of highly educated talent, scientific research institutions, and the number of colleges and universities in the region. We also find that through the news report of Topic 3, the number of R&D personnel (F2) and the number of doctoral graduates (F3) in Bengbu City in 2022 have significantly improved, as shown in Figure 9.



In summary, the relevant RSTI indicators have significantly improved because of the impact of science and technology news publicity on policy measures and innovation resource allocation. Table 10 further analyzes the improvement in Bengbu’s RSTI capability level caused by changes in relevant RSTI indicators. We measured the European-style distance (F1–F29) between Bengbu and Chuzhou (benchmark city with a level-3 RSTI capability) and Huaibei (benchmark city with a level-4 RSTI capability) in all statistical indicators. The results showed that Bengbu was closer to a level-4 benchmark city in 2021 and closer to a level-3 benchmark city in 2022. The above analysis shows that the effective analysis of science and technology news data is preemptive to judge the RSTI capability of a city. The science and technology news indicators proposed in this paper are an effective supplement to the evaluation system of RSTI capability based on traditional statistical indicators.




7. Conclusions


This paper systematically reviews the factors and evaluation models that affect the development of RSTI capability in the environment of big data. Considering the multi-source heterogeneity of big data, this paper proposes a multi-entity collaborative evaluation scheme for RSTI capability. An evaluation indicator system of RSTI capability that integrates structured statistical data and unstructured news data is established. We construct an evaluation method of technological innovation capability based on AHP-SMO. This method can fully utilize the respective advantages of human experts and machine learning in the evaluation of RSTI capability and ensure scientific and effective evaluation results.



The theoretical and practical significance of this paper’s research is highly significant. At present, there are few studies on the evaluation of regional scientific and technological innovation ability using big data. Some studies only focus on how to use big data to analyze the innovation ability of industries and enterprises [20,43,44,45]. There are few studies that focus on the impact of government data provision on urban innovation capacity [46], but these lack in-depth analysis of urban innovation capacity based on big data. Therefore, this study enriches relevant theories and methods. In terms of its theoretical contribution, this paper primarily focuses on three key aspects.



First, a multi-entity collaborative evaluation scheme is proposed. By integrating data from multiple data sources of universities, scientific research institutions, and government departments to evaluate the level of RSTI capability, it helps to discover new correlations, trends, and patterns, realize the value addition of data, and reflect the value emergence of big data.



Second, this paper extracts knowledge from news texts by topic analysis and sentiment analysis, constructs relevant indicators, and combines them with traditional statistical indicators to establish a new evaluation indicator system. This paper further enriches the application range of big data analysis theory and methods, embodies the value of big data in the evaluation of RSTI capability, and reveals that news indicators play a leading role in the evaluation of RSTI capability.



Third, the AHP-SMO method proposed in this paper organically integrates the knowledge and experience of experts in the field and the scientific laws contained in big data in the process of evaluating RSTI capability, which is a theoretical innovation of subjective and objective evaluation theories and methods and has extensive reference significance for the evaluation of economic management.



The practical significance of this paper is reflected mainly in terms of the following three aspects.



First, scientific evaluation of RSTI capability is the basis for government departments to formulate policies to promote RSTI. The research results of this paper are helpful for government departments to understand the advantages and disadvantages of RSTI and to provide a basis for policy formulation and allocation of science and technology resources.



Second, the research results of this paper can be used to improve the evaluation system of scientific and technological achievements, drive the flow and allocation of innovation factors, better utilize the role of scientific and technological achievement evaluation, promote the closer integration of science and technology with economic and social development, accelerate the transformation of scientific and technological achievements into real productivity, and improve the quality of urban development.



Third, the research in this paper contributes to the sustainable development of cities. By constantly improving the city’s ability of scientific and technological innovation, the city will develop from industrialization to informatization and intelligence. Finally, the harmonious development of human, nature, economy, and society will be realized.



This study has some shortcomings. On the one hand, we verify the effectiveness of the proposed evaluation scheme, indicator system, and evaluation method using only the data of Anhui Province. In the future, we will try to verify the generality of the conclusions of this study using more extensive regional data. On the other hand, the RSTI capacity is constantly developing, and we mainly employed 2021 slice data, which has certain limitations. In the future, we will try to use data from multiple years to carry out a dynamic evaluation of RSTI capabilities.
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Figure 1. Collaborative evaluation scheme of RSTI capability. 
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Figure 2. LDA topic model. 
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Figure 3. Evaluation results of RSTI capability. Note: He Fei is the capital city of Anhui Province. 
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Figure 4. Word cloud map of Topic 1. 
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Figure 5. Publicity effect of Topic 1. 
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Figure 6. Word cloud map of Topic 2. 
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Figure 7. Publicity effect of Topic 2. 
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Figure 8. Word cloud map of Topic 3. 
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Figure 9. Publicity effect of Topic 3. 
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Table 1. Responsibilities and rights of multiple entities in collaborative evaluation.
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	Entities
	Responsibilities
	Rights





	Government departments
	Development of evaluation programs and policy measures, data provision and validation
	Use the evaluation results to formulate relevant policies



	Scientific and technological enterprises
	Participate in data collection, analysis and verification
	Tax breaks, financing guarantees, talent incentives



	Institutions of higher learning
	Participate in data collection, analysis and verification
	Access to relevant research projects and funding



	Research institutes
	Participate in data collection, analysis and verification
	Access to relevant research projects and funding



	RSTI data-sharing platform
	Evaluation data collection, verification, sharing, and preprocessing
	Get financial support and talent support



	Third-party evaluation institution
	Evaluation program implementation, evaluation results feedback
	Get financial support and talent support










 





Table 2. Text–topic distribution.
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	Topic 1
	Topic 2
	Topic 3
	…
	Topic K





	Text 1
	P11
	P12
	P13
	…
	P1K



	Text 2
	P21
	P22
	P23
	…
	P2K



	Text 3
	P31
	P32
	P33
	…
	P3K



	…
	…
	…
	…
	…
	…



	Text N
	PN1
	PN2
	PN3
	…
	PNK










 





Table 3. Topic–word distribution.
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	Word 1
	Word 2
	Word 3
	…
	Word W





	Topic 1
	P11
	P12
	P13
	…
	P1W



	Topic 2
	P21
	P22
	P23
	…
	P2W



	Topic 3
	P31
	P32
	P33
	…
	P3W



	…
	…
	…
	…
	…
	…



	Topic K
	PK1
	PK2
	PK3
	…
	PKW










 





Table 4. Evaluation system of RSTI capability.
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Evaluation Target

	
Evaluation Criteria

	
Evaluation Aspect

	
Evaluation Indicators (Features)

	
Code

	
Literature






	
RSTI capability

	
The ability to initiate STI

	
Scientific and technological human resources

	
R&D personnel full-time equivalent

	
F1

	
[22,23]




	
Number of R&D personnel

	
F2

	
[22,24]




	
Number of doctoral graduates

	
F3

	
[24,25]




	
Scientific and technological financial resources

	
R&D investment

	
F4

	
[22,24]




	
new products expenditure of enterprise above designated size

	
F5

	
[26]




	
Government expenditure on science and technology

	
F6

	
[27]




	
Scientific and technological innovation platforms

	
Number of enterprises with R&D activities

	
F7

	
[22]




	
Number of scientific research institutions

	
F8

	
[28]




	
Number of institutions of higher learning

	
F9

	
[29]




	
The ability to realize STI

	
Output of innovative knowledge

	
Number of scientific and technological papers published by industrial enterprises

	
F10

	
[24,30]




	
Number of patent applications authorized

	
F11

	
[24,31]




	
Number of invention patents

	
F12

	
[24,31]




	
Number of national industry standards

	
F13

	
[32]




	
Output of an innovative economy

	
New product sales revenue

	
F14

	
[22]




	
high-tech industry output value

	
F15

	
[24,32]




	
The proportion of enterprises above designated size achieving innovation

	
F16

	
[26]




	
The ability to transform STI

	
Economic benefit

	
Added value of the tertiary industry

	
F17

	
[33]




	
Proportion of output value of tertiary industry in GDP

	
F18

	
[33]




	
Ecological benefit

	
Industrial nitrogen oxide emissions

	
F19

	
[34]




	
Industrial S02 emissions

	
F20

	
[34]




	
Industrial wastewater discharge

	
F21

	
[34]




	
Social benefit

	
Per capita disposable income

	
F22

	
[35]




	
Registered resident unemployment rate

	
F23

	
[36]




	
The ability to support the innovation environment

	
Economic environment

	
Per capital GDP

	
F24

	
[24,37]




	
Actual utilization of foreign capital

	
F25

	
[38,39]




	
Educational resources

	
Number of students enrolled in colleges and universities

	
F26

	
[29]




	
fiscal expenditure on education

	
F27

	
[24]




	
Financial support

	
Tax reduction and exemption for high-tech enterprises

	
F28

	
[40]




	
R&D expenses are deducted and exempted

	
F29

	
[40]




	
STI publicity

	
Number of science and technology news

	
F30

	




	
Average number of topics in technology news

	
F31

	




	
Average sentiment of technology news

	
F32

	




	
Average number of views of science and technology news

	
F33

	











 





Table 5. Normalized indicator values.






Table 5. Normalized indicator values.





	Features
	F1
	F2
	F3
	F4
	F5
	F6
	F7
	F8
	F9
	F10
	F11





	Hefei
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	0.827
	1.000
	1.000
	1.000
	1.000



	Huaibei
	0.026
	0.055
	0.029
	0.036
	0.020
	0.030
	0.026
	0.017
	0.057
	0.281
	0.044



	Bozhou
	0.000
	0.001
	0.000
	0.008
	0.006
	0.014
	0.153
	0.113
	0.019
	0.056
	0.034



	Suzhou
	0.007
	0.008
	0.009
	0.013
	0.018
	0.023
	0.266
	0.211
	0.057
	0.005
	0.046



	Bengbu
	0.105
	0.102
	0.061
	0.097
	0.133
	0.086
	0.408
	0.372
	0.094
	0.061
	0.081



	Fuyang
	0.041
	0.045
	0.031
	0.061
	0.038
	0.028
	0.452
	0.395
	0.094
	0.060
	0.104



	Huainan
	0.047
	0.044
	0.039
	0.024
	0.279
	0.007
	0.000
	0.000
	0.094
	0.130
	0.039



	Chuzhou
	0.170
	0.171
	0.033
	0.147
	0.084
	0.074
	1.000
	0.840
	0.057
	0.052
	0.196



	Lu‘an
	0.062
	0.065
	0.015
	0.033
	0.034
	0.013
	0.334
	0.279
	0.057
	0.075
	0.085



	Ma‘anshan
	0.129
	0.143
	0.033
	0.176
	0.037
	0.057
	0.621
	0.532
	0.094
	0.152
	0.141



	Wuhu
	0.368
	0.400
	0.108
	0.361
	0.166
	0.394
	0.820
	0.744
	0.170
	0.228
	0.285



	Xuancheng
	0.125
	0.129
	0.001
	0.075
	0.018
	0.066
	0.648
	0.546
	0.000
	0.033
	0.090



	Tongling
	0.031
	0.051
	0.008
	0.058
	0.034
	0.057
	0.115
	0.092
	0.038
	0.128
	0.020



	Chizhou
	0.001
	0.002
	0.001
	0.013
	0.015
	0.000
	0.154
	0.129
	0.038
	0.000
	0.008



	Anqing
	0.061
	0.060
	0.021
	0.055
	0.027
	0.060
	0.548
	0.465
	0.075
	0.089
	0.100



	Huangshan
	0.004
	0.000
	0.004
	0.000
	0.000
	0.024
	0.148
	0.121
	0.038
	0.005
	0.000



	Features
	F12
	F13
	F14
	F15
	F16
	F17
	F18
	F19
	F20
	F21
	F22



	Hefei
	1.000
	1.000
	1.000
	1.000
	0.867
	1.000
	1.000
	0.357
	0.329
	0.678
	0.975



	Huaibei
	0.042
	0.046
	0.077
	0.025
	0.000
	0.027
	0.484
	0.227
	0.397
	0.080
	0.290



	Bozhou
	0.056
	0.016
	0.006
	0.097
	0.445
	0.089
	0.527
	0.063
	0.138
	0.054
	0.009



	Suzhou
	0.053
	0.000
	0.087
	0.116
	0.461
	0.096
	0.391
	0.200
	0.210
	0.218
	0.000



	Bengbu
	0.039
	0.028
	0.065
	0.099
	0.578
	0.092
	0.565
	0.148
	0.177
	0.128
	0.345



	Fuyang
	0.110
	0.082
	0.122
	0.202
	0.703
	0.164
	0.375
	0.237
	0.983
	0.167
	0.007



	Huainan
	0.037
	0.021
	0.000
	0.048
	0.008
	0.041
	0.370
	0.330
	0.891
	0.299
	0.330



	Chuzhou
	0.125
	0.062
	0.453
	0.230
	1.000
	0.152
	0.027
	0.388
	0.585
	0.256
	0.173



	Lu‘an
	0.046
	0.065
	0.103
	0.092
	0.781
	0.074
	0.321
	0.166
	0.207
	0.057
	0.022



	Ma‘anshan
	0.170
	0.144
	0.246
	0.142
	0.844
	0.106
	0.234
	1.000
	0.943
	1.000
	1.000



	Wuhu
	0.325
	0.296
	0.481
	0.320
	0.453
	0.254
	0.348
	0.851
	0.624
	0.325
	0.728



	Xuancheng
	0.057
	0.187
	0.119
	0.084
	0.523
	0.050
	0.000
	0.246
	1.000
	0.136
	0.424



	Tongling
	0.018
	0.139
	0.142
	0.020
	0.688
	0.013
	0.185
	0.382
	0.193
	0.410
	0.360



	Chizhou
	0.000
	0.025
	0.031
	0.004
	0.234
	0.000
	0.141
	0.441
	0.712
	0.000
	0.210



	Anqing
	0.076
	0.314
	0.097
	0.163
	0.992
	0.123
	0.255
	0.226
	0.195
	0.177
	0.126



	Huangshan
	0.007
	0.007
	0.019
	0.000
	0.789
	0.015
	0.793
	0.000
	0.000
	0.018
	0.282



	Features
	F23
	F24
	F25
	F26
	F27
	F28
	F29
	F30
	F31
	F32
	F33



	Hefei
	0.912
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	0.615
	1.000
	1.000
	0.784



	Huaibei
	0.866
	0.293
	0.083
	0.057
	0.072
	0.225
	0.059
	0.462
	0.065
	0.329
	0.264



	Bozhou
	0.806
	0.024
	0.129
	0.019
	0.289
	0.000
	0.000
	0.269
	0.131
	0.012
	0.501



	Suzhou
	0.750
	0.038
	0.250
	0.044
	0.370
	0.050
	0.025
	0.000
	0.220
	0.107
	0.303



	Bengbu
	0.315
	0.270
	0.267
	0.097
	0.210
	0.032
	0.038
	0.269
	0.393
	0.607
	0.000



	Fuyang
	0.667
	0.000
	0.096
	0.063
	0.533
	0.037
	0.101
	0.423
	0.429
	0.328
	0.023



	Huainan
	1.000
	0.125
	0.000
	0.108
	0.139
	0.002
	0.024
	0.000
	0.000
	0.376
	0.846



	Chuzhou
	0.796
	0.559
	0.523
	0.078
	0.299
	0.349
	0.257
	0.231
	0.875
	0.343
	0.126



	Lu‘an
	0.722
	0.074
	0.183
	0.070
	0.365
	0.086
	0.115
	0.192
	0.280
	0.153
	0.577



	Ma‘anshan
	0.773
	0.902
	0.834
	0.091
	0.091
	0.172
	0.307
	0.423
	0.530
	0.321
	0.103



	Wuhu
	0.620
	0.956
	0.923
	0.222
	0.327
	0.485
	0.385
	0.423
	0.774
	0.865
	1.000



	Xuancheng
	0.616
	0.431
	0.433
	0.000
	0.109
	0.178
	0.163
	0.385
	0.595
	0.029
	0.124



	Tongling
	0.778
	0.617
	0.073
	0.049
	0.016
	0.024
	0.080
	1.000
	0.089
	0.065
	0.140



	Chizhou
	0.657
	0.450
	0.121
	0.042
	0.015
	0.067
	0.056
	0.038
	0.173
	0.000
	0.554



	Anqing
	0.000
	0.313
	0.044
	0.070
	0.353
	0.128
	0.149
	0.385
	0.518
	0.211
	0.225



	Huangshan
	0.847
	0.411
	0.020
	0.028
	0.000
	0.022
	0.010
	0.154
	0.131
	0.075
	0.377










 





Table 6. Judgment matrix of the criterion layer.
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	RSTI Capability
	The Ability to Initiate STI (a1)
	The Ability to Realize STI (a2)
	The Ability to Transform STI (a3)
	The Ability to Support the Innovation Environment (a4)





	The ability to initiate STI (a1)
	1
	1/3
	1/5
	1/6



	The ability to realize STI (a2)
	3
	1
	1/2
	1/3



	The ability to transform STI (a3)
	4
	2
	1
	1/2



	The ability to support the innovation environment (a4)
	7
	3
	2
	1










 





Table 7. Score sheet.
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	RSTI Capability
	The Ability to Initiate STI (a1)
	The Ability to Realize STI (a2)
	The Ability to Transform STI (a3)
	The Ability to Support the Innovation Environment (a4)





	Hefei
	94
	97
	93
	96



	Ma’anshan
	83
	86
	81
	80



	Chuzhou
	75
	78
	79
	76



	Huaibei
	63
	65
	68
	61










 





Table 8. Analysis results of AHP-SMO.






Table 8. Analysis results of AHP-SMO.





	Level
	City





	First level
	Hefei



	Second level
	Ma’anshan, Wuhu



	Third level
	Chuzhou, Anqing, Fuyang, Bengbu, Xuancheng



	Fourth level
	Huaibei, Bozhou, Suzhou, Huainan, Lu’an, Tongling, Chizhou, Huangshan










 





Table 9. Topics of science and technology news in Bengbu.






Table 9. Topics of science and technology news in Bengbu.





	No.
	Topics
	Keywords





	Topic 1
	Financial support for innovation
	relief, support, policy, docking, incubation, project, R&D, technology, industry, development



	Topic 2
	Innovation economic output
	transformation, output value, new product, enterprise, industry, realization, implementation, construction, platform, item



	Topic 3
	Situation of scientific and technological resources
	PhD, personnel, R&D, higher education, research institution, university, cooperation, development, team



	Topic 4
	State of scientific research
	papers, patents, standards, works, funds, projects, achievements, technologies, platforms, devices



	Topic 5
	Social ecological benefit
	GDP, income, environment, pollution, waste gas, wastewater, discharge, ecology, sustainability, rural










 





Table 10. Distance between Bengbu and benchmark cities (excluding news indicators).






Table 10. Distance between Bengbu and benchmark cities (excluding news indicators).










	
	Chuzhou
	Huaibei





	2021
	1.4332
	1.0776



	2022
	1.1852
	1.3217
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