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The rapid expansion of the global exhibition economy has prompted an increasing number of enterprises to leverage exhibitions for gathering industry intelligence, expanding sales channels, and establishing brand presence. Achieving effective outcomes from these exhibitions necessitates carefully coordinating and planning numerous factors influencing exhibition success. To address persistent challenges in evaluating and enhancing exhibition outcomes, this paper introduces an integrated methodological framework that aligns the specific dynamics of the exhibition industry with a closed-loop key factor control mechanism. The framework synthesizes the Best–Worst Method (BWM) with multiple regression modeling to ensure both methodological robustness and practical applicability. BWM has been demonstrated as a reliable tool for prioritizing critical factors under conditions of limited or subjective data, thereby enabling the systematic identification of determinants that most significantly influence exhibition effectiveness. Complementarily, multiple regression analysis provides a well-established means of assessing the causal relationships between independent variables and outcome variables, allowing for empirical validation of hypothesized effects. This mechanism, comprising the stages of identification, testing, adjustment, and optimization, was empirically tested using a case study of an aquatic products exhibition. The study identified eight initial key factors, including post-exhibition services (E4), in-exhibition management (E3), exhibition sustainability (B5), and the economic conditions of the exhibition venue (B3). Subsequently, through the application of goodness-of-fit and significance testing within the multiple regression model, factors with lower correlations to exhibition effect, specifically post-exhibition services (E4), economic conditions of the exhibition venue (B3), and exhibition investment (D1), were excluded, thereby confirming the rationality of the optimized key factors. Ultimately, systematic control of these factors was implemented based on the concept of supply chain integration. The findings of this research represent an innovative contribution to system evaluation and factor management theory, specifically tailored to the exhibition industry. The model’s convenience and scientific rigor provide enterprises with an effective tool for enhancing exhibition effect.
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1 Introduction

The exhibition industry, a product of urban economic development, is pivotal in fostering regional economic growth. By providing a platform for enterprises to showcase their products, the exhibition industry enhances brand value, expands sales channels, and increases financing opportunities, thereby facilitating the aggregation, complementarity, and integration of resource elements. Exhibitions have thus emerged as crucial platforms for establishing modern market economies and open economic systems. The strong correlation between the exhibition industry and economic development is well-documented in numerous theoretical frameworks (Yang, 2022). Empirical evidence from countries with advanced exhibition sectors, such as Germany, the United States, and Singapore, indicates that the exhibition industry can contribute approximately 0.2% of their GDP (Kirchgeorg et al., 2010). In developing countries, the exhibition economy is undergoing significant expansion, with an average annual growth rate of nearly 20% and a steadily increasing scale of specialized industries (Raghutla and Chittedi, 2021). The exhibition sector generates substantial economic benefits as a burgeoning industry with a global annual output value in the hundreds of billions of dollars. It yields social advantages, including optimizing industrial structures and stimulating emerging employment opportunities (Kim and Chon, 2009).

An increasing number of companies are participating in exhibitions, aiming to achieve effective exhibition effect. Exhibition effect encompass a range of achievements stimulated, pursued, and ultimately realized during and after the exhibition process, such as gathering industry information, establishing customer relationships, and enhancing corporate image (Kim et al., 2020). For exhibitors, identifying and understanding the factors that influence these outcomes and the mechanisms and degrees of their impact is crucial for optimizing exhibition strategies. The exhibition industry is inherently interdisciplinary, with exhibition effect influenced by factors such as innovative themes, the business environment of the exhibition venue, and the ability to accurately attract potential customers (Lai and Wong, 2021). Additionally, the effectiveness is linked to the marketing strategies employed by exhibiting companies and the integration of advanced technologies such as artificial intelligence, virtual reality, and augmented reality. In summary, while numerous factors shape the effectiveness of an exhibition, their relative impact differs substantially across contexts. Accurately identifying the key determinants of success in relation to the specific characteristics of each exhibition is therefore essential. Equally important is the coordinated management of these factors, particularly under conditions of constrained financial and organizational resources. Such an approach not only enhances the likelihood of successful exhibition outcomes but also reflects broader principles of strategic communication and systems thinking, wherein effectiveness emerges from the balanced alignment of interdependent elements rather than isolated improvements in individual domains.

Scholars have recognized the practical significance of identifying key factors affecting exhibition effect and have conducted targeted research in this area. Evaluating these key factors predominantly employs multi-criteria decision-making (MCDM) methods such as AHP, DEMATEL, and TOPSIS (Alqahtani and Makki, 2023). Despite the growing body of research on exhibition evaluation, three critical limitations remain. First, exhibitions are inherently dynamic events in which objects, products, scale, and expected outcomes continually evolve. The application of static, universal indicators provide only limited explanatory and predictive power, particularly when attempting to guide diverse exhibitions across specialized sectors. Second, the factors influencing exhibition performance are highly interdisciplinary, encompassing elements of communication, marketing, organizational behavior, and cultural studies. Existing methods of factor identification—primarily reliant on survey questionnaires or expert judgment—introduce considerable subjectivity and measurement bias, thereby reducing the reliability of evaluation outcomes (De Groote, 2005). Third, optimization strategies are typically developed for each factor in isolation following their identification. However, enterprises often operate under resource constraints, making simultaneous investment across multiple key factors impractical. Moreover, potential correlations and interdependencies between factors are frequently neglected. In cases where contradictory relationships exist, unilateral optimization may even undermine overall effectiveness; improvements in one domain can inadvertently diminish outcomes in another, a phenomenon consistent with systems theory’s emphasis on interrelatedness and trade-offs within complex environments (Pan et al., 2009).

In response to these limitations, this study develops a cross-domain framework for systematically identifying and managing the determinants of exhibition effectiveness. Specifically, it constructs a quantifiable evaluation index system that integrates interdisciplinary factors relevant to exhibition performance. To operationalize this framework, a closed-loop mechanism is designed that combines the BWM with multiple regression analysis. By doing so, the mechanism not only strengthens the objectivity and robustness of factor identification but also addresses the complexity of interdependencies among variables. This integrative approach reduces the risk of conflicting optimization strategies, thereby enabling exhibitors to allocate scarce resources more strategically and to enhance exhibition outcomes through evidence-based decision-making. Beyond its managerial implications, the framework advances scholarly discussions by linking quantitative modeling with communication-centered perspectives on effectiveness evaluation, thereby contributing to the development of a more comprehensive theory of exhibition performance. Compared to existing research, this approach offers several innovative improvements: (i) The selection of quantifiable indicators is prioritized, minimizing data collection requirements and allowing for the rapid acquisition of data aligned with exhibition characteristics, thus meeting the demands of modern decision-making processes for convenient and specialized exhibitions; (ii) Statistical methods are employed to conduct goodness-of-fit and significance analyses on the relationships between key factors and exhibition effect, enabling the verification and iterative optimization of the accuracy and weighting of key factor identification; (iii) The logical relationships between key factors are clarified, and strategies for improving exhibition effect are designed under the concept of “supply chain integration.”

The structural framework of the remaining sections of this paper is organized as follows: The second section provides a literature review, which synthesizes existing research findings across three key areas: the urban exhibition industry, evaluation of exhibition effect, and the key factors influencing these outcomes. Based on the literature, an indicator system influencing exhibition effect is developed. The third section outlines the methodology, detailing the design of a framework for identifying and validating key factors impacting exhibition effect using the Best-Worst Method (BWM) and multiple regression models. The fourth section presents an empirical analysis through a case study of an aquatic products exhibition. The fifth section offers a discussion of the findings along with practical recommendations. The final section concludes the paper by summarizing key insights and implications.



2 Literature review


2.1 Urban exhibition industry

The theoretical exploration of the exhibition industry began in the 1990s, with Braun being one of the first to investigate its economic contributions (Braun, 1992). Subsequent research primarily focused on elucidating the relationship between the urban exhibition industry and urban economic development. For instance, Kim and Chon utilized modeling techniques to assess the multiplier effect of exhibition revenue on the South Korean economy (Kim et al., 2003). Dwyer et al. highlighted the overlooked adverse effects of the exhibition industry, noting a lack of interaction with other sectors, which exacerbated the positive impacts on employment and the economy (Dwyer et al., 2006). Bermejo and Cuadrado systematically examined the role of the exhibition industry in enhancing urban competitiveness (Bermejo and Cuadrado, 1995). Humphrey and Gereffi introduced various governance models for the exhibition sector (Gereffi et al., 2005). Scholars had primarily established the correlation between the exhibition industry and urban economic development at this juncture. The research focus then shifted, with scholars such as Li and Liu advancing the measurement of this relationship through methods like cointegration and Granger causality analysis. They developed a vector error correction model to quantify the impact of the exhibition industry on the local economy and its interaction with industrial structure (Lu, 2022).

Additionally, recent studies have begun to explore the exhibition industry chain, investigating its formation mechanisms and operational rules. For example, Li analyzed the effects of exhibition industry development on regional industrial structures from an industrial chain perspective, examining manifestation, mechanisms, and constraint factors (Fang et al., 2017). More recently, as the exhibition industry has rapidly evolved, increasing scholarly attention has been directed toward understanding how it shapes industry competitiveness and achieves desired exhibition effect.



2.2 Evaluation of exhibition effect

Research on exhibition evaluation has attracted considerable attention, mainly due to the need to measure return on investment and to verify the effectiveness of enterprises’ participation. Lee and Ryan evaluated exhibition effectiveness using indicators such as booth visitor numbers, cost per visitor, willingness to transact, and unit costs associated with transaction willingness (Lee and Ryan, 2024). Rosson et al. employed segmented indicators, including sales ratios, sales periods, new customer acquisition, and the number of audience members involved in decision-making (Rosson et al., 1955). Hansen developed a comprehensive evaluation system for exhibition benefits by constructing a conceptual model that includes multiple dimensions: information collection, sales performance, image enhancement, and personnel incentives. The effectiveness and reliability of this model were subsequently verified through empirical analysis (Hansen, 2004). Mitchell et al. proposed a model that categorizes exhibition features into inputs, processes, outputs, and results. The model highlights the importance of incorporating non-economic values, such as brand awareness and professional engagement, which are essential for a comprehensive evaluation of exhibition performance (Mitchell et al., 2023). Seringhaus and Rosson proposed an exhibition performance evaluation model from the exhibitors’ perspective. The model incorporates five primary indicators—revenue, business, promotion, information, and organization—along with 31 secondary indicators (Seringhaus and Rosson, 2004). Despite the quantity of existing research, academic studies on exhibition effect remain relatively scarce, although there has been a notable increase in research activity over the past 2 years. Current research often involves macro-level evaluations of the exhibition industry. However, the increasing specialization and customization of exhibitions limit the practicality of such studies. As a result, they provide insufficient guidance for developing effective exhibition organization and participation strategies.

The evaluation of exhibition effect has traditionally needed more innovative methodologies. Initial assessments primarily employed the DELPHI method, survey questionnaires, and quantitative analysis grounded in exhibition data. Over time, more sophisticated multi-criteria evaluation methods, such as AHP, DEMATEL, and TOPSIS, have become prevalent (Kim et al., 2022). Recently, deep learning techniques’ advent and increasing popularity have introduced new approaches to evaluating exhibition effect (Mitchell et al., 2023). However, given the multifaceted nature of the factors influencing exhibition effect, most existing evaluation studies rely on expert ratings or qualitative analyses, resulting in potentially subjective conclusions. Furthermore, the few studies utilizing objective data have yet to rigorously test their evaluation index systems’ scientific validity and effectiveness.



2.3 Key factors affecting exhibition effect

Assessing exhibitions’ outcomes necessitates identifying key determinants influencing their success. Existing research has developed indicator systems encompassing various dimensions. This paper categorizes the critical factors into three distinct aspects: exhibition, exhibitor, and external factors.

Firstly, exhibition-related factors encompass several dimensions. These include the supporting services provided by the organizer, the number and quality of participating customers, the exhibitor’s situation, the location and layout of booths, and the scale and type of the exhibition. Data collection methods for these key factors are derived from various literature sources. The supporting services offered by the organizer are evaluated based on several aspects, including the organizer’s reputation and brand, pre-exhibition services, on-site services, post-exhibition activities, and past hosting experiences (Aditya, 2019). The total number of visitors is a key factor influencing both the number and quality of participating customers. It also affects the proportion of purchasing decision-makers among professional visitors, the share of professional visitors from the target market, the number of booth visitors, and recent trends in visitor scale (Lee et al., 2016). The exhibitor situation is assessed through the overall quantity and quality of exhibitors, the presence of competitors, and the involvement of leading industry firms and the company’s customers (Lin and Lin, 2013). The booth arrangement considers the exhibition’s overall layout and configuration, the location’s proximity to prominent enterprises or major intersections, the size of the booth area, and related factors (Moon et al., 2013).

Secondly, factors about the exhibitor’s attributes include the exhibitor’s business situation, behavior, individual network, and investment in the exhibition. (i) The exhibitor’s business situation reflects factors such as the company’s marketing mix, market conditions, and profitability. Particular emphasis is placed on whether the company has established a strategic exhibition plan (Holovnia, 2022). (ii) Exhibitor behavior is segmented into three phases: pre-exhibition promotional planning, sales activities during the exhibition, and post-exhibition follow-up. Effective management of these phases includes assessing the impact of pre-exhibition marketing efforts and ensuring proper personnel training, selection of appropriate exhibition projects, and follow-up to achieve desired outcomes (Bazilevich, 2023). Different perspectives exist on the impact of exhibition behavior. Interaction frequency between exhibitors and attendees only significantly affects value co-creation and relationship-building performance. However, it positively influences product sales and information collection, negatively impacting image display (Zhang et al., 2020). (iii) The individual network of exhibitors comprises social connections with other exhibitors, exhibition organizers, visitors, media, and government entities. Audience and exhibitor connections notably impact exhibition effect, whereas organizer connections have a less pronounced effect (Sasri and Kusumastuti, 2024). (iv) Exhibition investment is a crucial factor influencing exhibition effect. Research indicates that investment in human resources directly affects both sales and non-sales dimensions of exhibition performance, whereas financial investment impacts sales performance exclusively (Lei and Wu, 2024).

Thirdly, external factors affecting exhibition effect include macroeconomic conditions, transportation at the exhibition venue, and the economic conditions of the venue (Hang, 2022). Research indicates that exhibitor motivation significantly impacts exhibition effect. A comparative study by Dekimpe et al., based on data from 221 American and 135 British companies, revealed significant differences in participation motivations between local and non-local enterprises. These findings suggest that marketing strategies should be tailored to account for such differences (Dekimpe et al., 1997). Additionally, Herbig et al. investigated exhibition motivations across different sectors, finding that manufacturers primarily participate to source suppliers and compete with peers, whereas service providers have different motivations (Herbig et al., 1998).

This paper employs stakeholder theory and the “three-stage theory” of exhibition participation (Dekimpe et al., 1997) as its theoretical framework. By reviewing relevant literature and longitudinal studies on exhibition effectiveness, this study identifies five primary and 23 secondary factors that influence exhibition outcomes. These factors are detailed in Table 1.


TABLE 1 Factors affecting the exhibition effect.


	Primary influencing factors
	Secondary influencing factors
	Meaning of factors

 

 	A. Exhibition scale 	A1. Exhibition area 	The coverage area of the entire exhibition


 	A2. Number of exhibitors 	Number of companies participating in the exhibition


 	A3. Proportion of brand exhibitors 	Proportion of brand exhibitors to the total number of exhibitors


 	A4. Number of participants 	Number of visitors to the exhibition


 	A5. Quality of attendees 	Proportion of professional audience to total audience


 	B. Exhibition influence 	B1. Exhibition organizer supporting service level 	The level of supporting services and overall planning provided by the Exhibition organizer, including business, shopping, rest, transportation, etc.


 	B2. Search engine propagation capability 	The number of social media keyword searches for the exhibition (since the start of exhibition promotion)


 	B3. Economic situation of the exhibition venue 	Measured by the GDP of the city where it is located (trillion yuan)


 	B4. Regional business environment 	Policy Evaluation of Supporting Industries for Exhibition Products


 	B5. Exhibition sustainability 	Number of exhibitions held


 	B6. Media communication capability 	Number of news media participation


 	C. Exhibitor conditions 	C1. Brand awareness 	Number of social media keyword searches by exhibitors in the past 3 years


 	C2. Product competitiveness 	Measuring product competitiveness through market share and quantitatively confirming through financial reports of listed companies


 	C3. Core competitiveness 	Scoring through the core competitiveness model (unique resources, culture, etc.)


 	C4. Group network 	The social connections among the attracted audience, other exhibitors, media, etc. (in terms of number)


 	D. Guarantee measures 	D1. Exhibition investment 	Is it near the central passage, entrance, or popular area? Is it located near top enterprises? The size of the exhibition area occupied by the booth: Exhibition booth design, decoration, and display of exhibits. Quantify this indicator based on exhibition investment funds (10 thousand yuan)


 	D2. Logistics services 	Arrangements for employee accommodation, meals, commuting, etc., used for logistics investment


 	D3. Advertising and media promotion 	Investment in advertising and media promotion


 	D4. Personnel training and management investment 	Provide training on proactive communication skills between exhibitors and customers, as well as calm communication skills; The level of behavioral norms, diversity, and rapid cooperation among participating teams.


 	E. Actions 	E1. Information collection 	Collect information on peers, customers, industry trends, suppliers, etc.


 	E2. Pre-exhibition promotion 	Pre-exhibition publicity and promotional efforts for the event


 	E3. In-exhibition management 	Timely reception of the audience, ability to handle product related issues, and sales experience; Consolidate relationships with existing customers, distributors, etc., and establish relationships with new customers, etc.


 	E4. Post-exhibition services 	Classify and select potential customers; Follow up and negotiation on cooperation conditions
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FIGURE 1
 Step diagram of exhibition effect evaluation and key factor management methods.





3 Methodology

Existing performance evaluation methods that rely on indicator systems employ Multi-Criteria Decision-Making (MCDM) models, such as AHP, DEMATEL, and TOPSIS (Tucker et al., 2011). However, these methods encounter several issues. Firstly, collecting and evaluating indicator data involves subjective elements, which can bias the evaluation results. Secondly, these models impose specific requirements on indicator selection. For instance, AHP necessitates the independence of indicators; however, identifying such independence during indicator system construction can be challenging, often requiring iterative modifications to the system. Thirdly, the weight assignments in these models may not adequately reflect the criticality of indicators, and the relationships between indicators and evaluation outcomes are only sometimes quantifiable, which undermines their ability to provide precise decision-making support for exhibitions. This paper proposes a novel evaluation and key factor control methodology based on the Best-Worst Method (BWM) and multiple regression models to address these issues. This approach encompasses the stages of “identification, testing, adjustment, and optimization.”


3.1 BWM

The Best-Worst Method (BWM) is a Multi-Criteria Decision-Making (MCDM) technique designed to aid decision-making when multiple factors are involved. Compared with other multi-criteria decision-making (MCDM) methods, the AHP requires n(n − 1)/2 pairwise comparisons, whereas the BWM relies only on comparisons between the best factor and all other factors, as well as between the worst factor and all other factors. This significant reduction in the number of comparisons minimizes the likelihood of logical inconsistencies in decision-makers’ judgments and thereby enhances the overall consistency and reliability of the results (Rezaei, 2015). In contrast, the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) requires fully quantitative data, yet the indicator system developed in this study incorporates a proportion of qualitative factors. As a result, the direct application of TOPSIS is limited in this context (Anisseh et al., 2012). By comparison, BWM provides a structured and efficient approach for evaluating and prioritizing factors, even under conditions of constrained or incomplete data, making it particularly suitable for the complex, interdisciplinary nature of exhibition effect evaluation. BWM effectively provides a structured approach to evaluate and prioritize factors, even with constrained or incomplete data.

Steps for Applying the BWM:

	• Step 1: Criteria Identification



Develop a comprehensive list of relevant factors that are crucial for decision-making. This involves identifying the key elements that significantly influence the decision outcome.

	• Step 2: Form an expert panel



To mitigate the risk of groupthink and enhance the validity of the evaluation process, the expert panel should be composed of individuals representing diverse professional backgrounds within the exhibition industry, including organizers, management practitioners, and academic specialists. Establishing clear selection criteria—such as years of professional experience, level of project involvement, domain-specific expertise, and organizational position—ensures that the panel reflects both practical and theoretical perspectives. Prior to the evaluation, it is essential that experts are adequately trained in the structure of the exhibition effectiveness indicator system and the application of the BWM scoring procedure. This preparatory step not only improves the accuracy and consistency of expert judgments but also aligns with best practices in decision-making research, which emphasize panel heterogeneity and methodological transparency as safeguards against bias.

	• Step 3: Selection of Best and Worst Criteria



Select the most important (best) and least important (worst) factors from the identified criteria. This selection is made without comparing the criteria at this stage.

	• Step 4: Evaluation of the Best Criterion



Assess the relative importance of the best criterion compared to all other criteria using a scale from 1 to 9. Construct a Best-to-Others (BO) vector 

a
Bj

, where each value represents how much more important the best criterion (B) is compared to each other criterion (j). This scale reflects the preference for the best criterion over the others.

	• Step 5: Evaluation of the Worst Criterion



Evaluate how each criterion compares to the worst using the same 1–9 scale, which generates an Others-to-Worst (OW) vector 

a
jW

, indicating how much better each criterion (j) is compared to the worst criterion (W). This scale measures the relative advantage of each criterion over the worst one.

	• Step 6: Optimization of Criteria Weights



Determine the optimal weights for each criterion by minimizing the maximum inconsistencies between the BO and OW assessments through a direct programming model. This optimization process ensures consistency and reliability in the weighting procedure. The optimal relative weights 
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We transferred Model (1) into the linear programming model (2) as follows:





min

ξ
L





s
.
t
.




∣

w
B

−

a
Bj


w
j

∣
≤

ξ
L

,
for
all

j




∣

w
j

−

a
jW


w
W

∣
≤

ξ
L

,
for



all


j








∑
j


w
j

=
1





w
j

≥
0
,
for



all


j






      (2)

Assessing model reliability through consistency proportion (CP):


CP
=

ξ
L

/
RI
      (3)

The Random Index (RI) is determined with reference to the standard parameter table (see Table 2) corresponding to the number of criteria under consideration. When the CP is less than or equal to 0.1, the result is considered acceptable. If this threshold is exceeded, the evaluation process should be repeated, requiring experts to reassess and provide revised scores until the consistency standard is satisfied.

	• Step 7: Composite Weight Calculation




TABLE 2 BWM RI reference.


	Number of indicators (n)
	2
	3
	4
	5
	6
	7
	8
	9

 

 	RI 	0 	0.52 	0.89 	1.11 	1.25 	1.35 	1.40 	1.45




 

Calculate the composite weight 
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 for each criterion by integrating its relative importance with its significance in the decision-making process. This step quantifies the overall impact of each factor on the final decision.
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Where 

W
i

 refers to the composite weight of criterion i, 

N
j

 refers to the weight of criterion i relative to the corresponding aspect j, and 

w
i

 is its relative weight.



3.2 Multiple regression

To further mitigate the potential subjectivity inherent in expert-based judgments within the BWM, this study integrates practical data to empirically assess the relationships between key factors and exhibition outcomes. Following the calculation of factor weights using BWM, preliminary screening is conducted by applying cumulative weight thresholds or the elbow method to identify the most influential factors. These screened factors are then incorporated into a multiple regression model, which allows for the quantitative estimation of their impact on exhibition effectiveness. This combined approach not only refines the accuracy of factor selection but also provides a more rigorous basis for evaluating the relative importance of key factors, thereby strengthening both the reliability and validity of the overall exhibition effect evaluation framework.

A multiple regression model describes the relationship between a dependent variable and multiple independent variables, extending and deepening the concept of univariate regression (Wan et al., 2025). In economic contexts, changes in a particular indicator are often influenced by various factors, making it challenging to discern the primary and secondary relationships among these factors. In such scenarios, employing multiple regression analysis provides more accurate and insightful predictions by accounting for the simultaneous effects of multiple variables.

The multiple regression model is expressed as follows:
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Among them, 
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 represents a constant term; 
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 represents the partial regression coefficient of the sample; ε is the residual. The model coefficients are usually confirmed using the least squares method. The following tests are usually conducted to ensure the effectiveness of the model.

Where Y represents the dependent variable. 
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ε
 is the residual, which denotes the error term, accounting for the variability in Y not explained by the independent variables.

	1. Goodness of Fit Test



The goodness of fit test evaluates how well the observed values align with the sample regression line. Typically, this is assessed using the coefficient of determination, denoted as R2.
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In the context of regression analysis, SSR is the sum of squared regression, 
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The coefficient of determination (R2) ranges from 0 to 1. A typical R2 value greater than 0.8 generally indicates a good fit of the regression model, suggesting that the model explains more than 80% of the variability in the dependent variable. Thus, the regression equation exhibits high accuracy. Conversely, an R2 value less than 0.6 implies that the model explains less than 60% of the variability, indicating that the independent variables may require adjustment or reevaluation in the regression analysis. An R2 value between 0.6 and 0.8 reflects an acceptable fit of the model, although further refinement may be necessary to improve the model’s explanatory power.

	1. Durbin-Watson (D-W) Test



To validate the applicability of a prediction model, it is essential to test the assumption of linear independence of the regression residuals. The Durbin-Watson (D-W) test is commonly employed for this purpose. This test assesses the first-order autocorrelation of the residuals in a regression model.

If the auto-correlation coefficient of the regression residual sequence is ρ, the hypotheses of the test are as follows:
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The test statistic, d, is used to determine the presence of auto-correlation in the residuals:
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Based on the significance level α, the sample size n, and the number of independent variables k, consult the Durbin-Watson (D-W) table to obtain the critical lower limit 

d
L

 and upper limit 

d
U

 values for the test statistic. By comparing the calculated Durbin-Watson statistic d with 

d
L

 and 

d
U

, one can determine whether to reject the null hypothesis of no auto-correlation. It is generally accepted that if the D-W statistic falls within the range [1.5, 2.5], there is no significant autocorrelation in the regression residuals. A value closer to 2 indicates a weaker degree of auto-correlation.

The regression model should be considered acceptable after passing both the goodness of fit test and the Durbin-Watson test. Additional tests should be conducted to validate the regression model’s significance further.

	1. F-test



The F-test is used to assess the significance of the overall regression model, specifically to evaluate the degree of significance of the linear relationship between the independent and dependent variables. The test involves the following hypotheses:
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, At least one of the regression coefficients is not equal to zero, suggesting that the linear relationship is significant.

Under the null hypothesis, the t-test statistic for evaluating the significance of a regression coefficient is calculated using the following formula:
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Based on the chosen significance level α, compare the calculated F-test statistic with the critical value from the F-distribution table, if 
F
>

F
α

, the null hypothesis is rejected; otherwise, the null hypothesis cannot be rejected.

	1. t-test



T-test, also known as the significance test for regression coefficients, evaluates the degree of influence of an individual independent variable on the dependent variable. The hypotheses for this test are defined as follows:
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0
, indicating that there is no linear relationship between the independent variable and the dependent variable.

H1: 
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≠
0
, suggesting that there is a significant linear relationship between the independent variable and the dependent variable.

Under the null hypothesis, the t-test statistic for evaluating the significance of a regression coefficient is calculated using the following formula:



t
b

=

b

S
b


↔
t
(
n
−
k
−
1
)
      (9)

In the formula, b is the statistical estimate of 

β
i

 (i = 1, 2, …, n); S is the standard deviation of parameter β estimation, 
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, and 

S
y

 is the regression standard deviation.

On the basis of determining the significance level α, if 
∣
t
∣
>

t

α
/
2


, the null hypothesis is rejected; otherwise, the null hypothesis cannot be rejected.



3.3 Identification and management methods of key factors in exhibitions

This paper presents a comprehensive methodology for evaluating exhibition effect and managing key factors, utilizing the Best-Worst Method (BWM) and multiple regression models. The detailed steps of this methodology are illustrated in the following figure:

	• Step 1: Establish the initial indicator system through a comprehensive literature review and expert consultations. This step involves gathering relevant indicators from existing research and expert opinions to form a preliminary list of factors affecting exhibition effect.

	• Step 2: Refine and validate the initial indicator system using the DELPHI method. This iterative process involves soliciting feedback from a panel of experts to reach a consensus on the final set of indicators that will be used in the evaluation.

	• Step 3: Employ the Best-Worst Method (BWM) to identify and prioritize the key factors. This method involves evaluating and ranking each factor’s importance to determine which has the most significant impact on exhibition effect.

	• Step 4: Perform a secondary screening of key factors. Utilize correlation analysis to evaluate the pairwise correlations between the key factors and exhibition effect based on collected data. The interpretation of correlation coefficients (r) is as follows:

	• 
∣
r
∣
>
0.95
: Indicates a significant correlation between two variables.

	• 
0.55
<
∣
r
∣
≤
0.95
: Indicates a moderate correlation between the two variables.

	• 
0.3
<
∣
r
∣
≤
0.55
: Indicates a low correlation between the two variables.

	• 
∣
r
∣
≤
0.3
: Indicates an extremely weak correlation between the two variables.






Eliminate factors that exhibit low or extremely weak correlations with the exhibition effect. For factors showing significant correlations, if the number of such factors exceeds one, further analysis is needed to determine if there are significant correlations among them. If significant correlations are found among the key factors, it indicates potential redundancy or multicollinearity (Habes et al., 2024). In such cases, refine the key factors by removing causally related ones to ensure a more accurate and practical model.

	• Step 5: Develop a multiple regression model using the selected key factors and their impact on exhibition effect. After constructing the model, assess its goodness of fit and perform the Durbin-Watson (D-W) test to check for auto-correlation in the residuals. If the model passes these tests and the key factors are confirmed, proceed to Step 6. If the model does not meet the required standards, return to Step 2 to re-evaluate the final indicator system for its validity and appropriateness.

	• Step 6: Construct a multiple regression model with the significant factors as dependent variables and other key factors as independent variables. Analyze the coefficients of the independent variables to determine their relationships with the significant factors. Based on these relationships, design a comprehensive optimization strategy for enhancing exhibition effect, incorporating the “supply chain integration” concept to address and improve relevant aspects of the exhibition process.



It is essential that the proposed hybrid method, which integrates the BWM with regression analysis, undergo comprehensive validity testing prior to practical application. First, methodological soundness must be confirmed by ensuring that BWM passes its internal consistency test and that the regression models satisfy statistical diagnostics, including goodness-of-fit and Durbin–Watson (D–W) tests. Importantly, parameter adjustments or score modifications should not be made in isolation within either the BWM or regression models; instead, their impact on the integrity of the overall process must be considered holistically. Second, the robustness of the method should be examined through application to classic historical cases and datasets, allowing comparison between the proposed results and those validated by authoritative institutions. Any discrepancies must be accompanied by reasoned explanations or systematic parameter refinements until the error is reduced to an acceptable range. Third, purposeful validation should be conducted in practice by comparing the advantages and limitations of the proposed method against traditional approaches in the context of actual exhibition organization. Such iterative, real-world testing provides the basis for dynamic refinement of the method, thereby ensuring both its practical applicability and its contribution to advancing evaluation practices in exhibition studies.




4 Results


4.1 Identification of key factors


	• Step 1: Section 2 of this paper establishes the prototype decision-making framework, which, together with the “three-stage theory” of participation, forms the basis for a comprehensive literature review on factors influencing exhibition effect (see Table 1).

	• Step 2: To finalize the indicator system, a panel of experts was convened, and the DELPHI method was employed to ensure a consensus-driven outcome, as reflected in Table 1. Due to space limitations, the detailed implementation process of the DELPHI method is not included in this paper.

	• Step 3: Identification of Key Factors. Given the temporal and theoretical variations in the literature and the diverse research perspectives, five experts were engaged to identify the key factors for this case study (see Table 3). To minimize the potential subjectivity of expert scoring, strict eligibility criteria were established for expert selection. Specifically, experts were required to meet the following conditions: (i) possess more than 10 years of professional experience in the exhibition industry; (ii) have participated in no fewer than 20 international trade fairs in the capacity of organizer or core team member; (iii) represent institutions of different types in order to mitigate institutional bias and ensure panel heterogeneity; and (iv) demonstrate recognized academic or professional authority, evidenced through the publication of high-quality academic papers or monographs, or the possession of significant intellectual property, such as patents. These criteria collectively ensure that the expert panel reflects both depth of experience and diversity of perspective, thereby enhancing the reliability and validity of the evaluation process.




TABLE 3 Professional backgrounds of the selected five experts.


	Expert
	Organization
	Position
	Duties
	Seniority (yr)

 

 	I 	A local exhibition management bureau 	Deputy director 	To respond to public exhibition management 	11


 	II 	Media companies 	Chairman 	exhibition affairs management 	15


 	III 	Production enterprises 	Senior technologist 	Product sales 	10


 	IV 	Exhibition companies 	General manager 	Exhibition organizer in charge 	12


 	V 	An exhibition research university 	Professor 	Front-line work of exhibition economy 	19




 

As per the Best-Worst Method (BWM), we calculated the absolute weight of each index. The expert evaluation process is illustrated by Expert I. Initially, Expert I identified the most and least important aspects from the five key dimensions outlined in the formal decision-making framework. Afterward, he assigned scores on a scale from 1 to 9, with higher scores indicating more significant importance. The evaluation results for Expert I are presented in Table 4.


TABLE 4 Best-to-others (BO) and others-to-worst (OW) pairwise comparison vectors.


	BO
	A
	B
	C
	D
	E

 

 	Best criterion: E 	3 	2 	4 	5 	1


 	OW 	Worst criterion: D


 	A 	 	 	 	4 	


 	B 	 	 	 	3 	


 	C 	 	 	 	4 	


 	D 	 	 	 	1 	


 	E 	 	 	 	5 	




 

Second, Expert I identified the most and least important factors within Aspect A and assigned scores for the Best-to-Others (BO) and Others-to-Worst (OW) comparisons on a scale from 1 to 9. This procedure was consistently applied to Aspects B through E. The results of these evaluations are presented in Tables 5–9.


TABLE 5 Best-to-others (BO) and others-to-worst (OW) pairwise comparison vectors: aspect A.


	BO
	A1
	A2
	A3
	A4
	A5

 

 	Best criterion: A2 	3 	1 	5 	7 	8


 	OW 	Worst criterion: A5


 	A1 	 	 	 	 	7


 	A2 	 	 	 	 	8


 	A3 	 	 	 	 	4


 	A4 	 	 	 	 	2


 	A5 	 	 	 	 	1




 


TABLE 6 Best-to-others (BO) and others-to-worst (OW) pairwise comparison vectors: vectors: aspect B.


	BO
	B1
	B2
	B3
	B4
	B5
	B6

 

 	Best criterion: B3 	5 	7 	1 	4 	3 	7


 	OW 	Worst criterion: B2


 	B1 	 	4 	 	 	 	


 	B2 	 	1 	 	 	 	


 	B3 	 	7 	 	 	 	


 	B4 	 	8 	 	 	 	


 	B5 	 	6 	 	 	 	


 	B6 	 	5 	 	 	 	




 


TABLE 7 Best-to-others (BO) and others-to-worst (OW) pairwise comparison vectors: aspect C.


	BO
	C1
	C2
	C3
	C4

 

 	Best criterion: C4 	3 	4 	2 	1


 	OW 	Worst criterion: C2 	


 	C1 	 	4 	 	


 	C2 	 	1 	 	


 	C3 	 	3 	 	


 	C4 	 	4 	 	




 


TABLE 8 Best-to-others (BO) and others-to-worst (OW) pairwise comparison vectors: aspect D.


	BO
	D1
	D2
	D3
	D4

 

 	Best criterion: D1 	1 	3 	2 	5


 	OW 	Worst criterion: D4 	


 	D1 	 	 	 	5


 	D2 	 	 	 	3


 	D3 	 	 	 	3


 	D4 	 	 	 	1




 


TABLE 9 Best-to-others (BO) and others-to-worst (OW) pairwise comparison aspect E.


	BO
	E1
	E2
	E3
	E4

 

 	Best criterion: E1 	6 	1 	1 	1


 	OW 	Worst criterion: E1 	


 	E1 	1 	 	 	


 	E2 	4 	 	 	


 	E3 	5 	 	 	


 	E4 	6 	 	 	




 

Finally, we applied Equations 1 and 2 to compute the relative weights and target values. A target value closer to zero indicated a higher degree of consistency among the factors. The absolute weights were subsequently calculated using Equation 4 and are presented in Table 10.


TABLE 10 Weight calculation results of expert I.


	Aspect (weight)
	


ξ
L



	Criterion
	


ξ
L



	Relative weight
	Composite weight

 

 	A (0.168) 	0.106 	A1 	0.105 	0.209 	0.035


 	A2 	0.523 	0.088


 	A3 	0.126 	0.021


 	A4 	0.090 	0.015


 	A5 	0.052 	0.009


 	B (0.252) 	B1 	0.109 	0.096 	0.024


 	B2 	0.045 	0.011


 	B2 	0.468 	0.118


 	B3 	0.115 	0.029


 	B4 	0.192 	0.048


 	B5 	0.082 	0.021


 	C (0.126) 	C1 	0.05 	0.108 	0.014


 	C2 	0.108 	0.014


 	C3 	0.081 	0.010


 	C4 	0.703 	0.088


 	D (0.058) 	D1 	0.092 	0.685 	0.040


 	D2 	0.074 	0.004


 	D3 	0.111 	0.006


 	D4 	0.130 	0.008


 	E (0.397) 	E1 	0.085 	0.057 	0.023


 	E2 	0.089 	0.035


 	E3 	0.313 	0.124


 	E4 	0.541 	0.215




 

Using Equation 3 in conjunction with the data presented in Tables 2, 10, the CP values were calculated. The results indicate that all CP values were less than or equal to 0.1, confirming that the weight calculations for Expert I satisfied the consistency requirements of the BWM model. The evaluation procedures for Experts II, III, IV, and V followed the same process as for Expert I. The individual results were subsequently integrated, and the geometric mean of the experts’ assessments was computed to derive the final factor weights. These weights were then ranked in descending order to identify the key determinants, as reported in Table 11. Building upon this comprehensive ranking, the weight values of each factor were further analyzed using SPSS software through elbow method cluster analysis. The analysis identified E4, E3, A2, B3, C4, B5, A1, and D1 as the primary key factors influencing exhibition effectiveness.


TABLE 11 Weight and rank of criterion.


	Criterion
	Expert I
	Expert II
	Expert III
	Expert IV
	Expert V
	Geometric mean
	Rank

 

 	E4 	0.2145 	0.3232 	0.2326 	0.2702 	0.2250 	0.2502 	1


 	E3 	0.1242 	0.1238 	0.2326 	0.1564 	0.1303 	0.1488 	2


 	A2 	0.0878 	0.0461 	0.0870 	0.0434 	0.0847 	0.0664 	3


 	B3 	0.1178 	0.0420 	0.0711 	0.0279 	0.1137 	0.0645 	4


 	C4 	0.0884 	0.0644 	0.0366 	0.0596 	0.0406 	0.0550 	5


 	B5 	0.0484 	0.0726 	0.0414 	0.0698 	0.0467 	0.0544 	6


 	A1 	0.0351 	0.0816 	0.0348 	0.1084 	0.0339 	0.0516 	7


 	D1 	0.0398 	0.0375 	0.0628 	0.0348 	0.0832 	0.0486 	8


 	E2 	0.0355 	0.0530 	0.0251 	0.0521 	0.0372 	0.0391 	9


 	E1 	0.0226 	0.0344 	0.0440 	0.0284 	0.0237 	0.0297 	10


 	B4 	0.0291 	0.0120 	0.0138 	0.0140 	0.0280 	0.0180 	11


 	A3 	0.0211 	0.0132 	0.0149 	0.0217 	0.0203 	0.0179 	12


 	B1 	0.0242 	0.0076 	0.0118 	0.0168 	0.0234 	0.0154 	13


 	B6 	0.0208 	0.0120 	0.0138 	0.0070 	0.0200 	0.0137 	14


 	B2 	0.0113 	0.0140 	0.0085 	0.0168 	0.0109 	0.0120 	15


 	A4 	0.0150 	0.0115 	0.0087 	0.0108 	0.0145 	0.0119 	16


 	A5 	0.0088 	0.0079 	0.0149 	0.0186 	0.0085 	0.0110 	17


 	C2 	0.0136 	0.0074 	0.0059 	0.0113 	0.0062 	0.0084 	18


 	C1 	0.0136 	0.0099 	0.0069 	0.0064 	0.0062 	0.0082 	19


 	D4 	0.0075 	0.0043 	0.0119 	0.0038 	0.0157 	0.0074 	20


 	D3 	0.0065 	0.0058 	0.0068 	0.0066 	0.0135 	0.0074 	21


 	C3 	0.0102 	0.0099 	0.0040 	0.0097 	0.0047 	0.0071 	22


 	D2 	0.0043 	0.0058 	0.0102 	0.0056 	0.0090 	0.0066 	23




 



4.2 Integrated management of key factors

This study focuses on Fishery Company Z for empirical research. As a publicly listed company and a leading enterprise in the domestic fisheries industry in China, Company Z places significant emphasis on exhibitions as a key strategy to enhance its brand influence and attract potential customers. Choosing Company Z for a case study offers strong representativeness. Raw data were collected from the eight exhibitions in which Company Z participated throughout 2023, aligning with the key factors identified in Section 4.1, as detailed in the accompanying table. The company measures exhibition effect (Y) using the number of partnerships established as the sole performance criterion.

	• Step 4: The data in Table 12 and Equation 5 were utilized to conduct a correlation analysis between the key factors and exhibition effect. The results of this analysis are presented in Table 13.




TABLE 12 The collection of raw data using Fishery Company Z as an example.


	No.
	Exhibition Name
	Y
	B5
	B3
	A1
	A2
	C4
	D1
	E3
	E4



	Number of collaborations reached
	Exhibition sustainability
	Economic situation of the exhibition venue
	Exhibition area
	Number of exhibitors
	Group network
	Exhibition investment
	In-exhibition management
	Post-exhibition services

 

 	1 	2023 Shanghai International Fisheries Expo 	4 	17 	4.72 	18 	3,982 	106,635 	30 	50 	30


 	2 	2023 China (Qingdao) Fisheries Expo 	5 	26 	1.58 	11 	1,680 	40,127 	10 	70 	40


 	3 	2023 Shenzhen International Private Brand Exhibition 	2 	2 	3.46 	2.2 	500 	15,000 	7 	30 	17


 	4 	2023 China (Fuzhou) International Fisheries Expo 	3 	17 	1.29 	5.6 	518 	15,000 	8 	35 	19


 	5 	2023 China International Modern Fisheries and Fishery Technology Expo 	2 	6 	1.27 	2 	450 	25,000 	7 	25 	14


 	6 	2023 Guangzhou Fisheries Expo 	3 	9 	3.04 	4 	800 	40,000 	9 	39 	25


 	7 	2023 Guangdong International Aquaculture Expo 	1 	9 	0.38 	3 	300 	10,000 	6 	24 	12


 	8 	Asia Pacific Seafood Expo and the 6th Dalian Seafood Industry Expo 	2 	5 	0.88 	1 	200 	20,000 	6 	25 	16




 


TABLE 13 Correlation coefficient table.


	Variable
	Y
	B5
	B3
	A1
	A2
	C4
	D1
	E3
	E4

 

 	Y 	1.00 	 	 	 	 	 	 	 	


 	B5 	0.85 	1.00 	 	 	 	 	 	 	


 	B3 	0.42 	0.05 	1.00 	 	 	 	 	 	


 	A1 	0.78 	0.74 	0.60 	1.00 	 	 	 	 	


 	A2 	0.68 	0.55 	0.72 	0.94 	1.00 	 	 	 	


 	C4 	0.62 	0.43 	0.75 	0.90 	0.89 	1.00 	 	 	


 	D1 	0.54 	0.41 	0.75 	0.91 	0.98 	0.97 	1.00 	 	


 	E3 	0.96 	0.87 	0.35 	0.76 	0.64 	0.55 	0.47 	1.00 	


 	E4 	0.97 	0.82 	0.41 	0.75 	0.66 	0.60 	0.50 	0.99 	1.00




 

Based on the correlation rating criteria in Step 4, we found a significant correlation between factors E3 and E4 with Y, a moderate correlation between B5, A1, A2, and C4 with Y, and a low correlation between B3 and D1 with Y. Because of this, we decided to eliminate B3 and D1 from further consideration. Also, due to the strong correlation between E3 and E4, we cannot include both factors in the model. E3 represents the number of partners negotiated during the exhibition, and E4 represents the number of partners providing continuous services after the exhibition. Since post-exhibition partnerships are a direct result of exhibition negotiations, we identified E3 as the root factor of E4. Thus, we retained only E3 for constructing the multiple regression model.

	• Step 5: Construction of the Multiple Regression Model.



Based on the analysis, B5, A1, A2, C4, and E3 were selected to build a multiple regression model for predicting Y. EVIEWS software was used to facilitate the model development and testing process according to Equations 6–9. The results are presented in Table 14.


TABLE 14 Multiple regression results.


	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.

 

 	C 	−0.463472 	0.927885 	−0.499493 	0.667


 	B5 	−0.019048 	0.229528 	−0.082988 	0.9414


 	A1 	0.217154 	1.005136 	0.216044 	0.849


 	A2 	−0.00174 	0.005111 	−0.340453 	0.766


 	C4 	3.98E-05 	5.80E-05 	0.686826 	0.5631


 	E3 	0.070886 	0.037925 	1.869107 	0.2025


 	R-squared 	0.945967 	Mean dependent var 	2.75


 	F-statistic 	7.00293 	Durbin-Watson stat 	1.551191


 	Prob (F-statistic) 	0.129657




 

Based on the test results, the R-squared value of the model was 94.60%, indicating a high degree of fit. The Durbin-Watson (D-W) statistic was 1.55, which falls within the acceptable range of 1.5–2.5, confirming that the model passed the autocorrelation test. In the significance test, the 90% confidence level F-test indicated a critical value of 5.31, while the calculated F-value was 7.00293, demonstrating that the model passed the overall significance test. According to the t-test results, the critical value at a 90% confidence level was 1.8595, and the t-value for E3 was 1.87, which also passed the test, confirming that E3, as an explanatory variable, has a significant impact on Y. The t-tests for the other variables did not pass, suggesting that their correlation with Y is moderate.

In summary, the multiple regression equation is constructed based on the significant factors B5, A1, A2, C4, and E3. These variables effectively map Y values, offering valuable insights into the relationship between the key factors and exhibition effect.
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	• Step 6: Integrated Management of Key Factors.



Considering the constraints of limited resources, management capabilities, and energy, it takes time for businesses to implement lean management across all key areas. Additionally, there may be complex relationships or potential conflicts among these key areas, so an integrated management plan is necessary. We calculated the correlation between significant factors and other key areas (the detailed process is omitted) and presented the results in Table 15.


TABLE 15 The calculation results of the correlation between significant factors and other key factors.


	Variable
	E3
	B5
	A1
	A2
	C4

 

 	E3 	1.0000 	0.8745 	0.7582 	0.6398 	0.5475




 

It appears that there is a moderate correlation between B5, A1, and A2 with E3. However, C4 shows a weaker correlation. Notably, A2 (number of exhibitors) is highly consistent with E3, which measures the number of potential partners negotiated during the exhibition as a quantitative indicator of management success. On the other hand, A1 (exhibition area) and B5 (exhibition sustainability) do not align as effectively with E3 in practical management contexts.

Given limited resources, Company Z should prioritize the following strategies to enhance exhibition effect:

First, optimize in-exhibition management (E3) and prioritize exhibitions with a large number of exhibitors (A2) when selecting events.

Second, potential participants can be filtered by focusing on factors such as exhibition area (A1) and sustainability (B5).

Third, if additional resources permit, secondary factors should be considered, including the attention group network (C4), the economic conditions of the exhibition venue (B3), and exhibition investment (D1).




5 Discussions and implications


	i. This paper identifies eight key factors for the first time, including in-exhibition management (E3), exhibition sustainability (B5), and exhibition investment (D1). These factors align with the findings of Mitchell et al. (2023) and Bazilevich (2023), supporting the scientific validity of the exhibition effect evaluation index system developed in this study. However, in most studies, key factors are ranked solely by descending weight after identification. Management measures are then proposed individually for each factor, an approach that is somewhat unreasonable. The main issue is the neglect of the complex relationships between key factors. When constructing an evaluation index system, analyzing the pairwise relationships between all indicators is too labor-intensive and challenging to carry out in practice. Nevertheless, after identifying the key factors, ignoring the relationships between them can lead to many problems. This paper has revealed a specific causal relationship between E3 and E4; managing them separately would result in resource waste. Focusing on root factors is a better choice. For example, independent management will offset the implementation effect, assuming a contradictory relationship between factors. In this case, determining a balance measure is crucial. Therefore, after identifying key factors, this between factors, which is a scientific complement to existing evaluation methods.

	ii. In our study’s secondary screening of key factors, we omitted the economic conditions of the exhibition venue (B3) and exhibition investment (D1). This finding contrasts with previous research, indicating potential differences in context or methodology in evaluating the effectiveness of exhibitions. Lou and Huang (2023) argue that exhibition investment is directly proportional to exhibition effect, while Liu et al. (2020) suggest that exhibition investment follows a diminishing marginal returns pattern. Holovnia (2022) asserts that the venue’s economic condition clearly impacts the potential customer base, contingent upon the alignment between exhibited products and regional consumption habits. Generally, existing literature identifies D1 and B3 as critical factors in exhibition management. However, while D1 and B3 are recognized as necessary in the present study, they are not assigned the highest priority in management decisions. This discrepancy can be attributed to evolving trends in the exhibition industry. Contemporary exhibitions are no longer solely focused on product sales; instead, they increasingly emphasize personalization and customization, with some exhibitors targeting highly specialized niche markets. In this context, traditional approaches emphasizing scale and investment are less effective in enhancing exhibition effect. Exhibitors are placing greater importance on participant engagement and experience and the uniqueness of exhibits and services offered. As a result, the behavior of exhibitors has emerged as a critical determinant of exhibition success, necessitating lean behavioral management that aligns with exhibition objectives and desired outcomes. It should be emphasized that the exclusion of B3 and D1 from the final key factor set does not imply that environmental variables can be disregarded. Elements such as exhibition type and location continue to exert measurable influence on exhibition effectiveness (Zıraman and İmamoğlu, 2020). Consistent with the findings of this study, exhibition type is closely associated with the number of exhibitors (A2), suggesting that organizers should prioritize formats capable of attracting a larger pool of participants. Similarly, exhibition location is directly linked to exhibition area (A1), where accessibility, transportation convenience, and reasonable venue rental costs contribute to increasing A1 and, in turn, attracting both exhibitors and attendees. More broadly, the results indicate that exhibitors are placing growing emphasis on participant engagement, experiential quality, and the distinctiveness of exhibits and services offered. Consequently, exhibitor behavior has emerged as a critical determinant of exhibition success, underscoring the need for lean behavioral management strategies that align with overarching exhibition objectives and desired outcomes.

	iii. The study findings highlight in-exhibition management (E3) as the most crucial factor, leading to the proposal of an integrated management plan that includes indicators such as the number of exhibitors (A2), exhibition area (A1), and exhibition sustainability (B5). This management approach involves the coordinated efforts of exhibitors, exhibition organizers, and government agencies. The results show that exhibitor behavior and selection are part of a unified decision-making process, and an isolated management plan based solely on individual key factors is inadequate. If an exhibition does not meet all the criteria outlined in A2, A1, and B5, the optimal strategy is to achieve a balanced approach across all three indicators, rather than prioritizing one over the others. Additionally, while post-exhibition management (E4) was not emphasized as a key factor in the final plan, a clear causal relationship exists between post-exhibition management and in-exhibition management (E3). It is crucial in practice to avoid overemphasizing in-exhibition management at the expense of post-exhibition tracking and negotiations. Ensuring alignment and consistency in behaviors and investments during and after the exhibition is essential for maximizing overall effectiveness.

	iv. In constructing the indicator system for exhibition effectiveness, this paper explicitly considered industry-specific and region-specific characteristics. Accordingly, the system incorporated factors such as Core Competitiveness (C3), Economic Situation of the Exhibition Venue (B3), and Regional Business Environment (B4). However, empirical results indicate that only B3 qualifies as a key factor, whereas the other context-specific indicators do not exert a sufficiently strong influence to warrant prioritization during exhibition preparation. Moreover, because B3 is readily quantifiable, the findings of this study can be generalized to conventional market environments and are not restricted to particular industries. It is important to note, however, that the exhibitions examined in this research are marketing-oriented, with effectiveness closely tied to post-exhibition product sales. Public welfare exhibitions, such as science popularization or charitable exhibitions, which involve substantially different expected outcomes, fall outside the scope of this paper (Kellezi, 2014). Furthermore, the case study in this paper focused on a publicly listed company, primarily to ensure access to reliable analytical data derived from disclosed financial reports. Nevertheless, the findings of this study are also applicable to small- and medium-sized enterprises (SMEs), provided that quantitative data corresponding to the key factors identified herein can be effectively obtained. This flexibility underscores the broader applicability of the proposed methodology across organizations of varying sizes, enhancing its practical relevance in diverse exhibition contexts.



This paper identifies the key influencing factors of exhibition effectiveness through a hybrid approach that combines the BWM with regression analysis, underscoring the necessity of collaborative management. In the post-pandemic and increasingly digitalized context, exhibition organizers should prioritize the development of integrated online–offline experiences, with particular emphasis on strengthening real-time interaction and enhancing data tracking capabilities to foster greater engagement among both exhibitors and visitors. Furthermore, organizers are advised to focus on exhibitions characterized by high exhibitor participation and sustained involvement, while strategically allocating resources to avoid overreliance on traditional indicators such as venue economic level or purely financial investment. Building on these insights, the study recommends the adoption of integrated strategies that coordinate diverse resources and leverage digital tools to enable lean management across the entire exhibition lifecycle—from pre-event planning through post-event evaluation. Such an approach not only responds to the rapidly evolving exhibition environment but also advances the theoretical understanding of how digital transformation and collaborative practices can jointly enhance exhibition effectiveness.



6 Conclusion

This paper aims to improve the effectiveness of exhibitions by creating a comprehensive methodology to identify and manage key factors. The proposed method offers several advantages over traditional approaches for evaluating exhibition performance. Firstly, most existing Multi-Criteria Decision-Making (MCDM) methods suffer from inaccuracies in ranking key factors based on weight measures due to expert scoring and data collection limitations. However, our method employs multiple regression models to refine key factors identified through the Best-Worst Method (BWM). This iterative screening process simplifies data collection and makes it more feasible to implement. Secondly, our method addresses potential issues arising from strong correlations between evaluation indicators that are often overlooked during the construction of evaluation systems. By constructing a regression model based on the initial key factors and exhibition effect, factors with strong causal relationships can be eliminated, facilitating the optimization of the evaluation index system. Thirdly, our approach emphasizes the collaborative management of key factors. It focuses on the complex interrelationships between factors and recognizes that integrated management models can significantly reduce costs or yield multiplier effects when synergistic relationships exist, and identify a balanced strategy to prevent counterproductive optimization efforts when conflicting relationships arise.

This paper conducted an empirical investigation of Company Z to validate the proposed method for identifying and managing key factors influencing exhibition effectiveness. In the first stage, the Best–Worst Method (BWM) was applied to identify potential key factors. Correlation analysis was then employed to eliminate elements and derivative variables exhibiting weak associations with exhibition outcomes. Building on this, a multiple regression model was constructed to further refine the set of key factors. The case study results revealed that in-exhibition management (E3) emerged as the most decisive determinant of exhibition effectiveness, whereas exhibition investment (D1) and the broader economic situation (B3) were not prioritized within the model. On this basis, a prioritized collaborative management strategy was developed, explicitly tailored for enterprises facing resource constraints, thereby demonstrating the practical applicability of the proposed framework.

The analytical methods and conclusions of this study offer scientific and actionable support for strategic decision-making in the exhibition industry under complex and uncertain conditions. In contrast to traditional approaches, the hybrid model proposed here not only identifies with greater precision the key factors that drive exhibition outcomes but also highlights the synergistic effects and trade-offs among multiple determinants. This enables organizers to move beyond simplistic management models that rely heavily on single-factor inputs or experiential judgment. Within the current context of accelerated digitalization and heightened emphasis on return on investment, the proposed method equips enterprises to make efficient, data-driven decisions, optimize resource allocation, and implement integrated management strategies across the entire exhibition lifecycle—from pre-event planning to in-event operations and post-event evaluation. Looking ahead, this research framework could be further enhanced by incorporating intelligent algorithms and real-time data streams, thereby expanding its applicability to personalized and public-oriented exhibition contexts. Such advancements would provide enduring theoretical and practical guidance for the refined, intelligent transformation of the exhibition industry.
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