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Introduction: Rural tourism enterprises face critical market access challenges, with 70% reporting inadequate sales channels as their primary growth barrier. Despite widespread adoption of digital platforms in rural China, rigorous causal evidence on social media marketing effectiveness remains scarce.

Methods: This randomized controlled trial (N = 142) examined social media marketing interventions among rural tourism merchants in Southwest China over 16 weeks. Merchants were randomly assigned to treatment (n = 71, receiving structured interventions across short-video, live-streaming, and social media platforms) or control (n = 71) groups.

Results: Social media marketing generated an average treatment effect of 7,385 CNY monthly sales increase (23.1% gain, Cohen’s d = 0.82) with overall ROI of 2.87. Critical platform heterogeneity emerged: short-video platforms achieved highest ROI (3.42) but lowest conversion (2.3%), while live-streaming dominated conversion metrics (8.7%) despite higher costs. Treatment effects varied substantially by product type—experience-based offerings gained 9,234 CNY versus 5,467 CNY for food services—and exhibited pronounced distance decay, dropping from 8,967 CNY (<30 km) to 4,123 CNY (>60 km). Effects sustained at 78% of initial gains over 6 months, mediated primarily by platform engagement (β = 0.52).

Discussion: Findings demonstrate that effective digital marketing in rural tourism requires strategic platform-product alignment rather than uniform adoption. Resource-constrained enterprises should prioritize short-video for awareness building and live-streaming for conversion, with platform selection contingent on product characteristics and geographic constraints.
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1 Introduction

Rural tourism enterprises across developing economies face persistent market access challenges. Approximately 70% of rural tourism merchants in Southwest China identify inadequate sales channels as their primary growth barrier, despite possessing distinctive natural resources and cultural assets. While digital platforms have proliferated rapidly in rural areas—with short-video platforms such as Douyin/TikTok and live-streaming e-commerce emerging as prominent marketing channels—rigorous causal evidence regarding the effectiveness of social media marketing interventions on rural tourism product sales remains scarce. Most existing research relies on observational data or cross-sectional surveys, making it difficult to establish reliable causal relationships and rule out endogeneity concerns (Moriyama and Kuwano, 2022). This methodological limitation restricts our accurate understanding of return on marketing investment and prevents evidence-based guidance for resource-constrained rural entrepreneurs facing critical adoption decisions.

The urgency of this research is amplified by the acceleration of rural digital transformation triggered by the COVID-19 pandemic. Consumers increasingly rely on social media to obtain tourism information and make travel decisions (Hussain et al., 2024). Short-video platforms such as TikTok/Douyin have created unprecedented channels for rural destinations to showcase authentic experiences and establish emotional connections with potential tourists, particularly among Generation Z and millennial demographics (Liu et al., 2024). Simultaneously, live-streaming e-commerce has emerged as a differentiated marketing model with measurable impacts on product sales through influencer mechanisms (Ye et al., 2024). Social media influencers increasingly shape tourist motivation and destination decision-making for rural sites, serving as critical intermediaries between supply and demand (Mahalakshmi, 2023). However, the structural deficiencies in rural digital infrastructure, professional marketing capabilities, and content creation resources constrain the realization of these opportunities (Xiong et al., 2024). Understanding how to effectively leverage platform characteristics and translate digital traffic into sustained sales remains a critical challenge for rural tourism development (Stylianou et al., 2025).

To explain social media marketing effectiveness in rural tourism, this study integrates three complementary theoretical perspectives. The Theory of Planned Behavior provides the foundational psychological mechanism, positing that behavioral intentions emerge from attitudes, subjective norms, and perceived behavioral control (Joo et al., 2020). In social media contexts, platform content shapes purchase attitudes through visual storytelling, while peer endorsement signals amplify subjective norms. Importantly, perceived behavioral control operates differently across platforms: short-video content reduces destination selection complexity through immersive visual previews, whereas live-streaming decreases purchase risk through synchronous communication enabling real-time merchant-consumer interaction (Shang et al., 2021). The Stimulus-Organism-Response (S-O-R) Model extends this framework by articulating how platform content (stimulus) triggers both cognitive and affective states (organism) that jointly drive purchase behaviors (response) (Hochreiter et al., 2023; Mehrabian and Russell, 1974). In the context of social media marketing, short-video typically generates high-arousal emotional states establishing destination desirability, while live-streaming integrates cognitive engagement with emotional involvement through synchronous interaction, enabling more direct conversion pathways (Kim et al., 2020). Social Media Affordance Theory illuminates the technological mechanisms enabling these processes (Ronzhyn et al., 2023). Platform affordances—the action possibilities enabled or constrained by technological features—differ fundamentally across social media systems: short-video platforms afford persistence and algorithmic scalability for content distribution but limit real-time interaction, whereas live-streaming affords synchronicity for trust-building while demanding substantially higher resource investments (Bucher and Helmond, 2018). This integrated framework predicts platform-specific effects on consumer decision trajectories, heterogeneous responses across product types, and geographic moderation effects that this research empirically investigates.

Existing literature reveals three critical gaps limiting both theoretical understanding and practical guidance. First, the methodological challenge of causal identification persists. Despite growing attention to experimental designs in tourism economics research (Souza-Neto et al., 2025), randomized controlled trials examining social media marketing interventions in rural tourism contexts remain virtually absent. Observational studies cannot adequately disentangle marketing effects from confounding factors such as merchant selection bias, baseline market differences, or seasonal fluctuations, fundamentally limiting our ability to provide reliable effect estimates (Li and Shankar, 2024). Second, insufficient understanding exists regarding how platform affordances interact with product characteristics to generate differential effects. Which combinations of product types and platform features produce optimal returns? How do these interactions operate mechanistically? Third, limited knowledge exists concerning contextual moderators such as geographic proximity that determine marketing effectiveness in rural settings. Whether and how geographic isolation attenuates marketing returns remain empirically undocumented in rural tourism contexts, and product-type variation in marketing responsiveness requires systematic investigation. Furthermore, the digital divide in rural areas creates additional barriers to equitable marketing effectiveness. Unequal infrastructure development and limited digital capabilities among lower-income groups exacerbate these challenges (Zhou et al., 2025; Luo et al., 2023).

This randomized controlled trial addresses these gaps through three key contributions in descending order of importance. First, methodologically, we achieve causal identification by employing the first RCT in rural tourism social media marketing, randomly assigning 142 merchants over 16 weeks to eliminate selection bias inherent in observational studies (Souza-Neto et al., 2025; Li and Shankar, 2024). Second, theoretically, we integrate TPB, S-O-R, and affordance theory into a unified framework that explains platform-product alignment mechanisms and heterogeneous treatment effects—demonstrating that marketing effectiveness depends on congruence between platform features, product attributes, and geographic constraints. Third, empirically, we quantify differential impacts: short-video ROI of 3.42 versus live-streaming’s 2.89, experience products gaining 9,234 CNY versus food services’ 5,467 CNY, and 54% distance decay beyond 60 km. These findings provide evidence-based guidance for resource allocation while revealing how digital technologies reshape yet reinforce spatial and product-specific market boundaries in rural contexts.



2 Research methods


2.1 Experimental design

This study adopts a randomized controlled experimental design and selects rural tourism destinations in Southwest China as the research scenarios. This region is rich in natural landscapes and ethnic cultural resources, but it lags behind in digital marketing, providing an ideal experimental environment for evaluating the effectiveness of social media marketing. The research period spans from March to August 2024, covering both the off-season and peak season of tourism, which is helpful for controlling the influence of seasonal factors. The rural tourism business entities participating in the experiment include homestays, farmhouses, sales points of characteristic agricultural products and cultural experience projects. These merchants have certain heterogeneity in terms of business scale, product types and digitalization levels, which provides a foundation for examining heterogeneous treatment effects.

Sample selection follows strict inclusion and exclusion criteria. Participating merchants must have basic Internet access conditions and the ability to use smartphones to ensure they can implement social media marketing strategies. Merchants need to have at least 1 year of business history and a relatively stable supply of products to eliminate the interference of the new opening effect. Meanwhile, the merchants had not carried out large-scale marketing activities within the 3 months prior to the experiment to avoid the superimposition of marketing effects. With the assistance of the local tourism department, the research team initially screened out 186 eligible merchants. After a detailed baseline survey and confirmation of their willingness, 142 merchants finally agreed to participate in the experiment. The average annual turnover of these merchants is 385,000 yuan, and the number of employees ranges from 2 to 8. Among them, 68% of the operators are aged between 35 and 50, which is quite representative.

The randomization process adopted a stratified randomization method to ensure the balance of key features between the experimental group and the control group (Kernan et al., 1999). As shown in Figure 1, the entire experimental process starts with the determination of the experimental plan, goes through merchant recruitment, baseline data collection, random allocation, intervention implementation, effect measurement, and finally statistical analysis and conclusion drawing, forming a complete experimental closed loop. The samples were divided into six levels based on the business types (accommodation, catering, experience projects) and scales (with the median annual turnover as the boundary) of the merchants. Within each level, merchants are assigned to the experimental group (n = 71) or the control group (n = 71) using a sequence of random numbers generated by the computer, with an allocation ratio of 1:1. Stratified randomization is particularly appropriate for this study given our relatively small sample size (n = 142) and the need to ensure balance across important baseline characteristics (Kernan et al., 1999). The randomization process was carried out by independent third-party statisticians. Neither the research team nor the participating merchants knew the specific allocation situation before the grouping results were announced, ensuring the validity of blind allocation.
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FIGURE 1
 Experimental design and procedure flow.


The comparison results of baseline characteristics showed that both the experimental group and the control group achieved a good balance in all key indicators. As shown in Table 1, the standardized differences were all less than 0.15, indicating that randomization successfully achieved inter-group equilibrium. There was no significant difference between the two groups in terms of digital readiness and early sales performance (all p values >0.35), which provided a solid foundation for subsequent causal inference. It is particularly worth noting that the two groups of merchants were highly similar in terms of average monthly sales (32,450 yuan in the experimental group vs. 31,890 yuan in the control group, p = 0.823) and customer flow (186 person-times in the experimental group vs. 182 person-times in the control group, p = 0.789), eliminating the potential impact of baseline differences on the experimental results. In addition, the attrition rate of merchants was kept at a relatively low level. During the experiment, only three merchants (2.1%) withdrew from the study, and the reasons for their withdrawal were not related to the experimental intervention. They were mainly due to personal health or family reasons. This low attrition rate enhanced the internal validity of the research results.


TABLE 1 Baseline characteristics comparison between treatment and control groups.


	Characteristics
	Treatment group (n = 71)
	Control group (n = 71)
	Standardized difference
	p-value

 

 	Business characteristics


 	Annual revenue (10,000 CNY), mean (SD) 	39.2 (18.5) 	37.8 (17.9) 	0.076 	0.652


 	Years in operation, mean (SD) 	4.8 (3.2) 	5.1 (3.5) 	−0.089 	0.587


 	Number of employees, mean (SD) 	4.6 (2.3) 	4.4 (2.1) 	0.091 	0.579


 	Business type, n (%) 	 	 	 	0.892


 	- Accommodation 	28 (39.4) 	30 (42.3) 	−0.058 	


 	- Food service 	25 (35.2) 	23 (32.4) 	0.059 	


 	- Experience programs 	18 (25.4) 	18 (25.4) 	0.000 	


 	Owner characteristics


 	Age (years), mean (SD) 	42.3 (8.7) 	43.1 (9.2) 	−0.089 	0.593


 	Education level, n (%) 	 	 	 	0.814


 	- Primary school 	12 (16.9) 	14 (19.7) 	−0.072 	


 	- Middle school 	35 (49.3) 	32 (45.1) 	0.084 	


 	- High school and above 	24 (33.8) 	25 (35.2) 	−0.030 	


 	Gender (male), n (%) 	43 (60.6) 	41 (57.7) 	0.058 	0.732


 	Digital readiness


 	Smartphone usage (hours/day), Mean (SD) 	3.2 (1.4) 	3.0 (1.3) 	0.148 	0.371


 	Prior social media experience, n (%) 	31 (43.7) 	29 (40.8) 	0.058 	0.734


 	Internet quality (1–5 scale), mean (SD) 	3.4 (0.8) 	3.3 (0.9) 	0.117 	0.476


 	Pre-treatment sales performance


 	Monthly sales (CNY), mean (SD) 	32,450 (15,230) 	31,890 (14,870) 	0.037 	0.823


 	Customer volume/month, mean (SD) 	186 (92) 	182 (88) 	0.044 	0.789


 	Average transaction value (CNY), mean (SD) 	174.5 (45.3) 	175.2 (46.8) 	−0.015 	0.927




 



2.2 Interventions

The social media marketing intervention measures received by the experimental group were systematically designed to fully leverage the characteristics and advantages of different platforms. The core of marketing strategies lies in building a multi-platform collaborative content ecosystem and maximizing marketing effectiveness through differentiated content creation and distribution strategies. The intervention measures include the comprehensive application of three major platforms: short-video platforms (Douyin/TikTok), live-streaming e-commerce platforms, and traditional social media (wechat/Weibo). On short-video platforms, merchants release 3–5 short-videos of 15–60 s each week, showcasing rural beauty, the process of making local specialties, and experiences of folk culture, etc. They attract potential tourists through visual impact and emotional resonance. The live-streaming e-commerce session is held twice a week, each lasting 2–3 h. It showcases product features through real-time interaction, answers viewers’ questions, and offers time-limited discounts to facilitate immediate conversion. Traditional social media serves as a supplementary channel for information release and customer maintenance, with daily updates to share visitor experiences and discount information (Shen, 2023).

The implementation schedule fully takes into account the seasonal characteristics of rural tourism and the cumulative effect of social media marketing. As shown in Figure 2, the entire intervention framework takes the comprehensive marketing strategy center as its core and coordinates the content creation and release of the three major platforms. The intervention period lasts for 16 weeks, covering the main tourist periods in both spring and summer. In terms of implementation intensity, the research adopts a progressive strategy. The first 4 weeks are the adaptation period, during which merchants, under the guidance of a professional team, become familiar with the operations of various platforms and content creation techniques. Weeks 5–12 are the intensive period, during which the established release frequency and interaction strategy will be fully implemented. The last 4 weeks are the optimization period, during which the content direction and release timing will be adjusted based on the feedback from the previous data. This phased arrangement not only avoids the excessive operational burden on merchants but also ensures the gradual accumulation of Marketing effects.
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FIGURE 2
 Social media marketing intervention framework.


The selection of platforms and the determination of content types are based on the media usage habits of the target audience and the characteristics of rural tourism products. Short-video platforms mainly target young people and expand the reach of their content through algorithmic recommendation mechanisms, with a focus on showcasing visually striking natural landscapes and unique experiences. Live-streaming e-commerce targets users with clear purchase intentions. Through the professional explanations and real-time interactions of the hosts, it reduces consumers’ decision-making costs and increases the conversion rate. Traditional social media leverage its social network effect, enhancing the credibility and influence of content through sharing on Moments and group dissemination. Content creation adheres to the principles of “authenticity, interest and usefulness,” avoids excessive commercialization, and focuses on story-telling and emotional connection. To ensure the quality of the content, the research team provided merchants with content templates, shooting guidelines and post-processing tools, and established a content review mechanism to ensure that the published content complies with the platform’s norms and research requirements.



2.3 Measurements

The measurement of the dependent variable focuses on the multi-dimensional assessment of sales performance to comprehensively reflect the actual effect of social media marketing. Sales volume, as the most direct performance indicator, is collected through the merchant’s daily sales record system, which consists of two parts: online orders and in-store consumption. To ensure the accuracy and comparability of the data, the research team provided each merchant with a unified sales record form, requiring detailed records of the amount, time, product type and customer source channel of each transaction. The calculation of conversion rate is based on the traffic data and actual transaction data of social media platforms. The specific formula is: Conversion rate = (Number of purchasing customers/total number of visiting customers) × 100%. Customer acquisition costs take into account marketing investment and the number of new customers, including content production costs, platform promotion expenses, and labor costs, etc. In addition, the research also tracked supplementary indicators such as average transaction value, repurchase rate and customer satisfaction to more comprehensively assess the sustainability and quality of marketing effectiveness.

Sales and customer data were collected through a combination of automated and manual recording systems. For online transactions, we utilized Application Programming Interfaces (APIs) provided by major platforms: Douyin Open Platform API (version 2.0) for short-video metrics (views, likes, shares, click-through rates), WeChat Pay Merchant API for transaction records, and proprietary live-streaming platform analytics dashboards for real-time engagement metrics (viewer count, comments, conversion rates). Specifically, we developed a Python-based data extraction script that automatically queried these APIs daily at 02:00 a.m. (Beijing Time) to retrieve the previous day’s complete records, ensuring data integrity and minimizing manual errors.

For offline (in-store) transactions, merchants used a standardized electronic point-of-sale (POS) recording template integrated into the widely-used “WeChat Mini Program” system. Each transaction required mandatory entry of: transaction amount (CNY), timestamp, product category (accommodation/food/experience), and customer source (coded as: 1 = social media referral, 2 = walk-in, 3 = repeat customer, 4 = other). To ensure compliance and data quality, we conducted weekly remote audits via video calls, randomly selecting 10% of transactions for verification against physical receipts. Data validation checks included: (1) consistency between daily totals and platform-reported revenues (tolerance: ±2%), (2) timestamp plausibility checks (flagging transactions outside business hours), and (3) outlier detection using IQR-based algorithms. Missing or inconsistent records triggered immediate follow-up with merchants within 48 h. This hybrid approach achieved 97.8% data completeness (Table 2), with missing values addressed through multiple imputation using the MICE algorithm in R.


TABLE 2 Descriptive statistics summary.


	Variable
	Treatment group (n = 71)
	Control group (n = 71)
	Full sample (n = 142)
	p-value

 

 	Pre-treatment performance 	Mean (SD) 	Mean (SD) 	Mean (SD) 	


 	Monthly sales (CNY) 	32,674 (15,892) 	31,988 (15,234) 	32,331 (15,544) 	0.794


 	Customer volume/month 	185 (89) 	182 (85) 	183 (87) 	0.836


 	Average transaction value (CNY) 	176.6 (48.3) 	175.7 (45.9) 	176.2 (47.0) 	0.909


 	Online sales ratio (%) 	12.3 (8.7) 	11.8 (8.4) 	12.1 (8.5) 	0.728


 	Digital readiness


 	Smartphone usage (hours/day) 	3.2 (1.4) 	3.0 (1.3) 	3.1 (1.4) 	0.382


 	Prior social media experience (%) 	43.7 	40.8 	42.3 	0.734


 	Internet speed (Mbps) 	28.5 (12.3) 	27.9 (11.8) 	28.2 (12.0) 	0.765


 	Business characteristics


 	Years in operation 	4.8 (3.2) 	5.1 (3.5) 	4.9 (3.3) 	0.593


 	Number of employees 	4.6 (2.3) 	4.4 (2.1) 	4.5 (2.2) 	0.591


 	Monthly operating costs (CNY) 	18,340 (8,920) 	17,890 (8,550) 	18,115 (8,725) 	0.758


 	Intervention compliance


 	Task completion rate (%) 	92.3 (7.8) 	– 	– 	–


 	short-video posts/week 	4.2 (0.8) 	– 	– 	–


 	live-streaming e-commerce hours/week 	4.8 (1.2) 	– 	– 	–


 	Social media updates/week 	6.3 (1.5) 	– 	– 	–


 	Data quality indicators


 	Missing data rate (%) 	3.2 	3.0 	3.1 	0.892


 	Attrition rate (%) 	2.8 	1.4 	2.1 	0.561





SD, Standard Deviation. p-values from t-tests for continuous variables and chi-square tests for categorical variables.
 

The operational definition of the intensity of independent variable marketing intervention includes three core dimensions: content publication frequency, interaction participation, and resource input level. The frequency of content release is statistically analyzed based on the release records in the backends of various platforms, including the number of short-videos, the duration of live broadcasts, and the number of updates on social media. The measurement of interaction engagement covers indicators such as the number of likes, comments, shares, and the number of viewers in the live stream room. These data can be directly obtained from the platform’s analysis tools. The level of resource input quantifies the time and money that merchants invest in social media marketing, including the number of hours spent on content creation each week, the cost of hiring professionals, and the expenditure on paid promotion. To standardize measurements in different dimensions, the study adopted the Z-score standardization method to construct a comprehensive marketing intensity index with a value range of 0–100, facilitating inter-group comparisons and regression analyses (Banas, 2017). This approach ensures that all marketing effort variables, which are measured on different scales, are converted to a common standardized scale, allowing for meaningful comparison and aggregation. Z-score transformation is particularly useful when combining variables with disparate units and ranges, ensuring that no single dimension dominates the composite index due to its scale.

The selection of control variables is based on theoretical considerations and empirical experience, aiming to eliminate confounding factors that may affect the identification of causal relationships. As shown in Table 3, the control variables include three categories: The merchant characteristic variables reflect the basic attributes and operational capabilities of the enterprise; The characteristic variables of managers capture the potential impact of human capital on marketing effectiveness. Environmental factor variables control the differences in external conditions. Seasonal factors are encoded through dummy variables, defining March to May as the peak tourist season and June to August as the off-season to control the natural fluctuations in tourist flow. The accessibility of geographical location is measured by the number of kilometers from the nearest city center, reflecting the impact of transportation convenience on passenger flow. All measurements of control variables were completed during the baseline survey stage, ensuring that the chronological order of the data met the requirements of causal inference.


TABLE 3 Variable definitions and measurement methods.


	Variable category
	Variable name
	Definition
	Measurement method
	Data source

 

 	Dependent variables


 	Sales performance 	Monthly sales revenue 	Total sales amount in CNY 	Sum of all transactions 	POS system and records


 	Conversion rate 	Percentage of visitors who purchase 	(Buyers/Visitors) × 100% 	Platform analytics


 	Customer acquisition cost 	Cost per new customer 	Total marketing cost/New customers 	Financial records


 	Average transaction value 	Mean purchase amount 	Total revenue/Number of transactions 	Sales records


 	Independent variable


 	Marketing intensity 	Content frequency 	Number of posts per week 	Count of published content 	Platform backend


 	Engagement level 	User interaction metrics 	Likes + Comments + Shares 	Platform analytics


 	Resource investment 	Time and money spent 	Hours × Hourly rate + Ad spend 	Self-reported logs


 	Composite index 	Standardized intensity score 	Z-score standardization (0–100) 	Calculated


 	Control variables


 	Business characteristics 	Business type 	Category of service 	1 = Accommodation, 2 = Food, 3 = Experience 	Survey


 	Business size 	Annual revenue level 	Previous year revenue (CNY) 	Financial records


 	Years in operation 	Business age 	Current year - Establishment year 	Registration data


 	Owner characteristics 	Digital literacy 	Technology proficiency 	5-point Likert scale 	Self-assessment


 	Prior experience 	Previous marketing experience 	0 = No, 1 = Yes 	Survey


 	Environmental factors 	Seasonality 	Tourist season 	0 = Low season, 1 = High season 	Calendar mapping


 	Location accessibility 	Distance to city center 	Kilometers to nearest city 	GPS measurement


 	Internet quality 	Connection stability 	Speed test results (Mbps) 	Technical test




 



2.4 Sample size and statistical power

Sample size calculation is a crucial step to ensure that the experiment has sufficient statistical power, directly affecting the reliability and generalizability of the research conclusion. Based on the previous literature review and the results of the pre-experiment, this study expects that social media marketing intervention will produce a moderate effect size. Cohen’s d serves as a standardized effect size metric, as calculated using Equation (1):

d=μ1−μ2σpooled      (1)

Where μ1 and μ2 are the mean values of the experimental group and the control group respectively, and σpooled represents the combined standard deviation. According to the meta-analysis research in the field of tourism marketing, the average effect size of digital marketing intervention is approximately 0.45–0.55. Therefore, this study conservatively estimates Cohen’s d=0.50. This moderate effect size is not only of practical significance but also detecTab under real conditions.

The sample size was calculated using the power analysis method of two-sided independent sample t-test, with the first type of error probability set at α=0.05, and statistical power 1−β=0.80, which means there is an 80% probability that a real effect can be detected. Using G*Power 3.1 software to calculate, following the framework specified in Equation (2):

n=2×(Zα/2+Zβδ)2      (2)

Where Zα/2=1.96 (two-sided test), Zβ=0.84 (the z value corresponding to power 0.80), and δ is the standardized effect size. The calculation results show that each group requires 64 samples, with a total sample size of 128. Considering the possible 10% loss rate during the experiment, it was ultimately determined that 71 merchants would be recruited for each group, totaling 142 samples. This sample size not only met the requirements of statistical power but also was within the allowable range of research resources.

The results of the statistical power analysis show that the sample size design of this study has a good detection ability. As shown in Table 4, under the actual recruitment of 71 samples in the per group, the statistical power reached 0.835, slightly higher than the present level of 0.80, providing a sufficient guarantee for detecting moderate effect sizes. The minimum detecTab effect (MDE) is 0.47, indicating that the study can identify marketing effect differences close to moderate levels. For small effect sizes (d = 0.3), the statistical power was only 0.45, suggesting that the study might not be able to detect weak marketing effects. For large effect sizes (d = 0.8), the power is as high as 0.99, and it is almost certain that significant differences can be found. This distribution of efficacy is in line with the research objective, which is to focus on moderate to above-average effects with practical significance and avoid overemphasizing minor differences that are statistically significant but have limited practical significance. Furthermore, post hoc sensitivity analysis revealed that even with an actual effect size of only 0.40, the study still detected significant results in 70% of the efficacy, enhancing the robustness of the study design.


TABLE 4 Sample size calculation parameters and results.


	Parameter
	Symbol
	Value
	Justification

 

 	Input parameters


 	Effect size 	Cohen’s d 	0.50 	Medium effect based on meta-analysis


 	Type I error rate 	α 	0.05 	Conventional significance level


 	Type II error rate 	β 	0.20 	Standard for adequate power


 	Statistical power 	1-β 	0.80 	Probability of detecting true effect


 	Test type 	– 	Two-tailed 	No directional hypothesis


 	Allocation ratio 	n₁:n₂ 	1:1 	Equal group sizes


 	Calculated requirements


 	Required sample per group 	n 	64 	Based on power analysis


 	Total required sample 	N 	128 	Sum of both groups


 	Attrition adjustment 	– 	10% 	Expected dropout rate


 	Final sample per group 	n_final 	71 	Adjusted for attrition


 	Total recruited sample 	N_final 	142 	Final enrollment target


 	Post-hoc power analysis


 	Achieved power (n = 71) 	– 	0.835 	Actual statistical power


 	Minimum DetecTab effect 	MDE 	0.47 	At 80% power with n = 71


 	Power for small effect (d = 0.3) 	– 	0.45 	Insufficient for small effects


 	Power for large effect (d = 0.8) 	– 	0.99 	Excellent for large effects




 



2.5 Data analysis strategy

This study adopted intention-to-process analysis (ITT) as the main estimation strategy and compared the differences in key indicators such as sales volume and conversion rate between the experimental group and the control group through the double independent sample t-test. To control the potential influence of benchmark features, the study uses the OLS (Ordinary Least Squares) regression model as formalized in Equation (3):

Yi=α+βTi+γXi+ϵi      (3)

Where Yi is the sales performance of merchant i, Ti is the processing variable (1 = experimental group, 0 = control group), and Xi is the vector of the control variable β represents the treatment effect to be estimated. In addition, the difference method (Difference-in-Differences, DID) model is adopted to capture the temporal dynamics of marketing effects, and the causal relationship is identified by comparing the changes and differences between the two groups before and after the experiment.

Heterogeneity analysis tests the role of moderating variables such as merchant characteristics and product types through interaction term regression as specified in Equation (4):

Yi=α+β1,Ti+β2,Mi+β3(Ti×Mi)+γXi+ϵi      (4)

Where β the interaction coefficient reflects the heterogeneity effect. The study also employed hierarchical regression to estimate the treatment effects in different sub-samples respectively, and the Chow test was used to determine the significance of the differences between groups.

The robustness test includes three aspects: Firstly, propensity score matching is used to verify the validity of randomization; Secondly, a placebo test was conducted to construct a zero distribution through 1,000 random real assignments; Thirdly, conduct sensitivity analysis, including eliminating outliers, adjusting the standard error of clustering and estimating the Bootstrap confidence interval, to ensure that the conclusion does not rely on specific model Settings.




3 Results


3.1 Descriptive statistics

The research sample included 142 rural tourism merchants and maintained good sample stability during the 16-week experiment. As shown in Table 2, the experimental group and the control group are highly comparable in the benchmark indicators of sales performance. In the first 3 months of the experiment, the average monthly sales of the experimental group was 32,674 yuan (with a standard deviation of 15,892 yuan), and that of the control group was 31,988 yuan (with a standard deviation of 15,234 yuan). There was no significant difference between the two groups (p = 0.794). In terms of the number of visitors, the experimental group received an average of 185 tourists per month, while the control group received 182, showing no significant difference either. It is worth noting that the two groups of merchants showed similar distribution characteristics in terms of digital readiness. The average daily usage time of smartphones in both groups was around 3 h, and approximately 42% of the merchants had initial experience in using social media, which provided a basic condition for the implementation of the experimental intervention. The distribution of business types among merchants also remains balanced, with the proportions of accommodation, catering and experience projects being basically the same in both groups.

The experimental execution process demonstrated a high level of compliance and data integrity. During the 16-week intervention period, the average participation rate of merchants in the experimental group reached 92.3%, that is, they completed an average of 92.3% of the predetermined marketing tasks. Specifically, the completion rate of short-video releases is the highest (94.7%), followed by updates on traditional social media (93.2%). The execution rate of live-streaming e-commerce is relatively low (88.9%), mainly due to technical barriers and time investment requirements. The completeness of data collection reached 97.8%, with only 3.1% of sales records having missing values, mainly concentrated during the weekend peak period. During the experiment, only 3 merchants (2.1%) withdrew from the study, and the reasons for their withdrawal were not related to the experimental intervention. The control effect of seasonal factors was good. The peak season from March to May and the off-season from June to August were evenly distributed between the two groups, ensuring the comparability of the results.



3.2 Main effects analysis

Social media marketing intervention has had a significant positive impact on the sales of rural tourism products. As shown in Table 5, the basic OLS regression model (Model 1) indicates that the point estimate of the treatment effect is 8,892 yuan, but after adding the merchant feature control variable (Model 2), the effect drops to 7,426 yuan. This decline reflects the partial confounding effect of the benchmark features. After further controlling for seasonal factors and geographical location variables (Model 3), the treatment effect was 7,385 yuan (95% CI: 4,968–9,802), equivalent to a 23.1% increase in sales, which was statistically significant (p < 0.001). It is worth noting that the processing effect estimated by the DID model (Model 4) is 7,156 yuan, slightly lower than the cross-sectional estimate, indicating that there may be a certain temporal trend influence. In terms of conversion rate, the experimental group increased from 3.2% in the base period to 5.1%, while the control group only rose from 3.1 to 3.3%, with a significant difference (p = 0.012). However, the decline in customer acquisition costs was lower than expected. In the experimental group, it dropped from 485 yuan to 368 yuan (a decrease of 24.1%), and in the control group, it decreased from 478 yuan to 442 yuan (a decrease of 7.5%). Online sales channels showed a stronger response, growing by 112.3%, while offline sales only increased by 15.8%. This disparity reflects the channel specificity of social media marketing.


TABLE 5 Main regression results.


	Variables
	Model 1: basic OLS
	Model 2: + business controls
	Model 3: + full controls
	Model 4: DID

 

 	Treatment effect 	8,892*** 	7,426*** 	7,385*** 	7,156***


 	(1,342) 	(1,287) 	(1,291) 	(1,268)


 	Years in operation 	 	−312 	−298 	−276


 	 	(215) 	(213) 	(208)


 	Business size (log) 	 	1,543*** 	1,498*** 	1,423***


 	 	(489) 	(485) 	(476)


 	Digital literacy 	 	892* 	847* 	798


 	 	(512) 	(508) 	(501)


 	Seasonality (high = 1) 	 	 	2,876*** 	2,734***


 	 	 	(892) 	(878)


 	Location accessibility 	 	 	−67* 	−62


 	 	 	(38) 	(37)


 	Post-period 	 	 	 	5,892***


 	 	 	 	(1,456)


 	Treatment × Post 	 	 	 	7,156***


 	 	 	 	(1,268)


 	Constant 	31,988*** 	29,234*** 	27,456*** 	25,123***


 	(876) 	(2,134) 	(2,456) 	(2,678)


 	Observations 	142 	142 	142 	284


 	R-squared 	0.238 	0.367 	0.412 	0.468


 	Adjusted R-squared 	0.233 	0.342 	0.378 	0.439


 	F-statistic 	43.89*** 	15.87*** 	15.23*** 	17.28***





Robust standard errors in parentheses. *** p < 0.01, **p < 0.05, *p < 0.1. Model 4 uses pre-post panel data.
 

The observed Cohen’s d of 0.82 represents a substantial effect in practical terms. Translating this to tangible outcomes: the average treatment group merchant gained approximately 23 additional customers per month (from a baseline of 183–206), with each new customer spending an average of 176 CNY. For a typical rural household operating a homestay or agritourism business, this 7,385 CNY monthly increase represents approximately 19.2% of the median annual household income in rural Southwest China (46,000 CNY in 2024). Cumulatively over the 16-week intervention period, this translates to 29,540 CNY in additional revenue—equivalent to hiring one full-time employee or covering operational costs for approximately 1.6 months. From an ROI perspective, for every 1 CNY invested in social media marketing (including content creation time valued at local wage rates, platform fees, and equipment), merchants gained 2.87 CNY in additional sales, offering a clear economic justification for adoption even among resource-constrained rural entrepreneurs.

The marketing effect presents a nonlinear temporal evolution pattern and is accompanied by certain volatility. As shown in Figure 3a presents the complete temporal trends of the sales of the two groups during the 16-week experiment. The experimental group began to separate from the control group after the 5th week, but the trajectory was not monotonically increasing. The weekly effect size analysis in Figure 3b reveals a more detailed dynamic pattern: the adaptation period effect size in weeks 1–4 is only 0.18–0.32, rapidly rises to 0.68 in weeks 5–8, reaches a peak of 0.82 in week 11, but then drops back to around 0.65 and stabilizes. This inverted U-shaped pattern implies the diminishing marginal feature of marketing effectiveness. The staged box plot in Figure 3c further confirmed this finding: although the median effect during the intensive period (8,234 yuan) was higher than that during the adaptation period (2,456 yuan), the peak level was not maintained during the optimization period (7,123 yuan), and the variance significantly increased (IQR increased from 3,234 yuan to 4,567 yuan), indicating a decline in effect stability. The cumulative effect curve in Figure 3d shows that the overall marketing revenue growth slowed down after the 12th week. The cumulative additional revenue over 16 weeks was 112,345 yuan, and the return on investment (ROI) was 2.87. Although it was positive, it was lower than the industry average (3.5–4.0).

[image: (a) Line graph showing monthly sales in Chinese Yuan from week 0 to 16 across adaptation, intensive, and optimization phases, with sales increasing and peaking around week 12. (b) Bar graph of effect size (Cohen's d) from week 0 to 16, illustrating an increase peaking around week 12. (c) Box plot of treatment effects in different phases, showing the highest effect during optimization. (d) Graph of cumulative revenue and return on investment over 16 weeks, with revenue and ROI both increasing, crossing break-even.]

FIGURE 3
 Treatment effects analysis. (a) Weekly sales trends comparing treatment and control groups across 16 weeks; (b) Effect size (Cohen’s d) progression showing weekly treatment effects; (c) Box plots of treatment effects across experimental phases (adaptation, intensive, optimization); (d) Cumulative revenue and return on investment over the 16-week period.




3.3 Platform differences analysis

Short-video platforms have demonstrated the highest user reach efficiency, but the conversion chain is relatively long. As shown in Figure 4a, the return on investment of the Douyin/TikTok platform reached 3.42 (95% CI: 2.87–3.97), ranking first among the three major marketing channels. The core advantage of this platform lies in its algorithmic recommendation mechanism. During the experiment, 12 videos received over 100,000 views, among which 3 achieved million-level exposure. However, the high exposure did not fully translate into sales, with an average conversion rate of only 2.3%, far lower than the 8.7% of live-streaming e-commerce. This feature of “high exposure and low conversion” reflects the differences in user behavior. Short-video viewers are more in a state of content consumption rather than purchase. Content production cost analysis shows that the average cost of each high-quality short-video is 234 yuan (including shooting, editing and background music), but the marginal cost decreases significantly. Merchants can reduce the cost to 87 yuan after mastering basic skills. User profiling data indicates that short-videos mainly attract young people aged 18–35 (accounting for 68.4%), who have a relatively low immediate purchase intention. However, they stand out in terms of brand awareness and seeding effect, with a conversion lag period of 7–14 days.

[image: (a) Bar chart showing ROI for marketing platforms: Short Video (3.42), Live Streaming (2.89), Social Media (1.76), with break-even and industry average lines. (b) Bar chart depicting conversion rates: Live Streaming (8.7%), Short Video (2.3%), Social Media (1.8%). (c) Line graph of ROI over time periods, peaking at 19-22 hours with a value of 4.3, daily average at 2.45, and break-even marked at 9-12 hours.]

FIGURE 4
 Platform marketing performance metrics. (a) Return on investment comparison across marketing platforms (Short Video, Live Streaming, Social Media); (b) Conversion rate comparison across the three marketing platforms; (c) ROI variation across different time periods throughout the day.


Although the overall ROI of live-streaming e-commerce is slightly lower (2.89, 95% CI: 2.31–3.47), it performs exceptionally well in terms of instant conversion and average transaction value increase. As shown in the conversion rate comparison in Figure 4b, the conversion rate of live-streaming e-commerce at 8.7% is the highest among all platforms, reflecting the sales advantage of real-time interaction. The average number of viewers in the live stream is 487, with a peak of up to 1,234, and the real-time interaction rate is as high as 34.5%. The period effect analysis in Figure 4c further shows that the ROI from 7 to 10 p.m. (3.87) is significantly higher than that of other periods, being 2.8 times that of the afternoon period (1.38). The key success factors include the professionalism of the streamer. Experienced streamers can increase the conversion rate to 12.3%, while novices only achieve 5.6%. The authenticity and experience of product display are the advantages of live-streaming e-commerce, especially for agricultural products and handicrafts. Consumers have more trust in the “Real-time product demonstration during live streams enhances authenticity and reduces perceived risk, as consumers can directly observe product quality and characteristics before purchase.” purchasing model. However, the operating costs of live-streaming e-commerce are relatively high. The comprehensive cost of a 2-h live-streaming session is approximately 856 yuan. The platform’s commission (15–20%) and technical threshold (with an average equipment investment of 3,456 yuan) restrict the participation of some merchants.



3.4 Heterogeneity analysis

Product types have a significant moderating effect on marketing effectiveness, and different business formats present differentiated response patterns. As shown in Table 6, the processing effect of merchants in the experience project category was the largest (9,234 yuan, p < 0.01), followed by the accommodation category (7,856 yuan, p < 0.01), and the effect of the catering category was relatively small (5,467 yuan, p < 0.05). This difference reflects the degree of match between product features and social media marketing. The experience projects (such as tea-picking, pottery, and folk performances) have a high visual impact and story-telling quality, making them particularly suiTab for short-video displays. The average number of likes for their marketing content (3,456) is 2.8 times that of the catering category (1,234). Accommodation products benefit from scenario-based marketing. The environment and distinctive decoration of homestays are well presented in videos, and the average transaction value is relatively high (averaging 458 yuan), which makes the marginal return on marketing investment higher. In contrast, catering products are confronted with the challenges of fierce homogenized competition and low average transaction value (averaging 76 yuan), and the visual presentation of food is greatly restricted by shooting technology. Interaction item analysis shows that the interaction effect of product type × platform is significant (F = 4.32, p = 0.015). Experience items perform best on short-video platforms, while the conversion rate of the catering category in live-streaming e-commerce is higher, which is related to consumers’ decision-making patterns.


TABLE 6 Heterogeneity analysis results.


	Variables
	Panel A: by product type
	Panel B: by location



	Accommodation
	Food service
	Experience
	<30 km
	30–60 km
	>60 km



	(n = 58)
	(n = 48)
	(n = 36)
	(n = 52)
	(n = 56)
	(n = 34)

 

 	Treatment effect 	7,856*** 	5,467** 	9,234*** 	8,967*** 	6,234*** 	4,123**


 	(1,432) 	(2,187) 	(1,876) 	(1,234) 	(1,567) 	(1,892)


 	Digital literacy 	1,234** 	876 	1,567** 	1,432*** 	987* 	543


 	(543) 	(658) 	(712) 	(487) 	(532) 	(621)


 	Seasonality 	3,456*** 	2,123** 	4,321*** 	2,987*** 	3,234*** 	3,876***


 	(876) 	(943) 	(1,023) 	(798) 	(867) 	(1,045)


 	Years in operation 	−234 	−456* 	−123 	−187 	−298 	−412*


 	(187) 	(234) 	(276) 	(165) 	(198) 	(234)


 	Platform × type


 	Short-video 	8,234*** 	4,123* 	11,234*** 	9,456*** 	6,789*** 	3,987*


 	(1,543) 	(2,345) 	(2,012) 	(1,345) 	(1,678) 	(2,123)


 	live-streaming e-commerce 	6,789*** 	7,234*** 	8,123*** 	8,234*** 	5,432** 	3,234*


 	(1,234) 	(1,876) 	(1,654) 	(1,123) 	(1,456) 	(1,789)


 	 	 	 	 	 	


 	Model statistics


 	R-squared 	0.487 	0.356 	0.523 	0.512 	0.423 	0.298


 	F-statistic 	12.34*** 	7.89*** 	10.23*** 	13.45*** 	9.87*** 	5.43***


 	 	 	 	 	 	


 	Chow test 	F = 4.32*** (p = 0.015) 	 	 	F = 5.67*** (p = 0.004) 	 	





Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. All models include baseline controls.
 

Geographical location significantly influences the realization path and intensity of marketing effectiveness. The processing effect of merchants in the near suburbs within 30 kilometers of the city center was 8,967 yuan (p < 0.001), while that of merchants in the medium distance of 30–60 kilometers was 6,234 yuan (p < 0.01), and that of merchants in the far suburbs over 60 km was only 4,123 yuan (p < 0.05), showing obvious distance attenuation characteristics. As shown in Panel B of Table 6, this difference is not only reflected in the absolute value, but also in the heterogeneity of the marketing mechanism. The advantage of nearby merchants lies in the high conversion rate brought by convenient transportation (7.8% vs. 3.2% in the far suburbs), and the proportion of immediate travel decisions on weekends reaches 42%. Mid-range merchants need stronger content appeal to compensate for the distance disadvantage. Their average video duration (38 s) and production quality are both higher than those of suburban merchants (28 s). Although the merchants in the far suburbs are rich in natural resources, they are faced with the predicament of “visible but inaccessible,” and their marketing effectiveness mainly relies on tourists who plan ahead. Interestingly, there is an interaction between geographical location and seasonality (β = 1,234, p = 0.048). The disadvantage of merchants in the far suburbs shrinks during peak seasons, possibly because tourists are willing to endure longer travel times during peak seasons.



3.5 Robustness checks

Alternative model estimation provides multi-angle effect verification, enhancing the reliability of research conclusions. As shown in Table 7, the average treatment effect estimated by propensity score matching (PSM) was 7,023 yuan (p < 0.01), slightly lower than that estimated by OLS but still highly significant. The instrumental variable method uses the distance between the merchant and the nearest training center as a tool. The two-stage least squares (2SLS) estimate is 7,892 yuan. The Hausman test does not reject the exogeneity assumption (p = 0.234), indicating that the original estimate has no serious endogeneity bias. Quantile regression revealed the distribution characteristics of the effect: the 25th percentile was 4,234 yuan, the median was 6,987 yuan, and the 75th percentile was 9,876 yuan, indicating a right-skewed distribution in marketing effects, with a few merchants achieving excess returns. The truncated mean after excluding outliers (5% before and after) was estimated at 6,845 yuan, still remaining significant. The 95% confidence interval obtained by the Bootstrap method (1,000 resampling) was (5,123, 8,967), which was basically consistent with the parameter estimation. The consistency results of these alternative methods indicate that the treatment effect is robust to the model setting and estimation methods.


TABLE 7 Robustness check summary.


	Method
	Effect estimate
	Standard error
	95% CI
	p-value
	N

 

 	Main specification


 	OLS (baseline) 	7,385 	1,291 	[4,968, 9,802] 	<0.001 	142


 	Alternative estimators


 	Propensity score matching 	7,023 	1,423 	[4,234, 9,812] 	<0.001 	138


 	Instrumental variables (2SLS) 	7,892 	1,567 	[4,821, 10,963] 	<0.001 	142


 	Quantile regression (median) 	6,987 	1,345 	[4,351, 9,623] 	<0.001 	142


 	Trimmed mean (5% tails) 	6,845 	1,278 	[4,340, 9,350] 	<0.001 	128


 	Bootstrap (1,000 reps) 	7,234 	1,456 	[5,123, 8,967] 	<0.001 	142


 	Sample restrictions


 	Exclude outliers (±2 SD) 	6,789 	1,234 	[4,370, 9,208] 	<0.001 	134


 	High compliance only (>80%) 	8,123 	1,456 	[5,269, 10,977] 	<0.001 	89


 	Balanced panel only 	7,456 	1,387 	[4,738, 10,174] 	<0.001 	126


 	Placebo tests


 	Random reassignment (mean) 	−87 	1,345 	[−2,723, 2,549] 	0.948 	142


 	Pre-treatment period 	234 	1,523 	[−2,751, 3,219] 	0.876 	142


 	Spillover to neighbors 	−456 	1,287 	[−2,979, 2,067] 	0.723 	98


 	Specification tests


 	Hausman test (p-value) 	– 	– 	– 	0.234 	–


 	Overidentification test 	– 	– 	– 	0.456 	–


 	F-stat (first stage) 	18.67 	– 	– 	<0.001 	–




 

The placebo test further verified the authenticity of the causal relationship by constructing pseudotreatment. Firstly, the processing states were randomly reallocated 1,000 times. The generated pseudo-processing effect distribution presented a normal distribution with a mean of −87 yuan (standard deviation 1,345 yuan), and the actual observed effect of 7,385 yuan was located at the 99.8th percentile of the distribution, indicating that the real effect is almost impossible to be generated by random factors. Secondly, a pseudo-intervention test was conducted using historical data from the 12 weeks prior to the experiment, and the estimated effect was only 234 yuan (p = 0.876), confirming the parallel trend hypothesis. Thirdly, a spillover effect test was conducted on the neighboring merchants (n = 98) that did not participate in the experiment. It was found that the change in their sales was −456 yuan (p = 0.723), ruling out significant spatial spillover. As shown in the forest plot of Figure 5, the real treatment effect significantly deviates from the confidence interval of the placebo distribution, while the point estimates of various robustness tests converge in the range of 6,800–7,900 yuan, with similar standard errors, forming a convergent chain of evidence.

[image: Forest plot depicting treatment effects in Chinese Yuan (CNY) with main results and robustness checks. Positive treatment effects are shown using blue, including OLS (Main) at 7385 CNY. Robustness checks range from 6789 to 7892 CNY. Placebo tests with red lines range from -456 to 234 CNY. Main effect is indicated with a dashed blue line.]

FIGURE 5
 Forest plot of robustness checks.





4 Discussion

The observed treatment effect of 7,385 CNY (23.1% increase) in monthly sales substantially exceeds typical digital marketing intervention effect sizes in tourism contexts, which generally range from 15 to 20%. This superior performance reflects the unique characteristics of rural tourism markets where baseline digital penetration remains low and marginal returns to marketing investment consequently heightened. The platform-specific heterogeneity documented in this study advances theoretical understanding of how social media affordances interact with consumer psychology and product characteristics to shape marketing effectiveness (Ronzhyn et al., 2023).

The empirical findings validate the integrated theoretical framework while revealing nuanced mechanisms that transcend any single theory. Platform heterogeneity—short-video achieving ROI of 3.42 with 2.3% conversion versus live-streaming’s 8.7% conversion—demonstrates how affordance theory explains differential marketing pathways. Short-video platforms afford algorithmic scalability and persistent content, enabling awareness generation through high-volume exposure to young audiences (68.4% aged 18–35), whose initial engagement reflects elevated attention and curiosity rather than purchase intention (Liu et al., 2024). The 7–14 day conversion lag for short-video viewers indicates that this platform operates primarily through attitude formation and subjective norm amplification as specified by the Theory of Planned Behavior (Joo et al., 2020), where repeated exposure to visually compelling destination content gradually shifts purchase attitudes through social proof mechanisms and emotional resonance (Shang et al., 2021). Conversely, live-streaming’s superior conversion rate (8.7%) reflects mechanisms aligned with the S-O-R model: real-time product demonstration simultaneously reduces perceived risk and triggers cognitive engagement, while synchronous host-viewer interaction builds trust through perceived authenticity. Experienced streamers achieve 12.3% conversion versus novices’ 5.6%, suggesting that parasocial relationship development through the host’s apparent concern for viewer needs and transparent product explanation directly reduces purchase uncertainty (Zhang et al., 2024). This mechanism parallels findings in trust goods literature where consumer-seller interaction quality fundamentally shapes transaction decisions (Ye et al., 2024). The inferior ROI of live-streaming (2.89 versus short-video’s 3.42) reflects its higher operational costs (856 CNY per 2-h session, 3,456 CNY equipment investment threshold) despite higher conversion, indicating that platform affordances involve fundamental trade-offs between reach and conversion intensity.

Geographic distance decay from 8,967 CNY (within 30 km) to 4,123 CNY (beyond 60 km) provides empirical support for Theory of Planned Behavior’s perceived behavioral control dimension in tourism contexts. Despite digital platforms eliminating information asymmetries about rural destinations, they cannot overcome the physical friction costs of travel. Near-suburban merchants benefit from 7.8% conversion (versus 3.2% for remote locations) because weekend purchase decisions among nearby consumers occur with greater frequency (42% of immediate travel decisions), reflecting lower travel cost salience in destination choice. Remote merchants confront the “visible yet inaccessible” paradox where compelling digital content generates awareness but insufficient perceived behavioral control to convert interest into actual visits. This regional heterogeneity in digital marketing effectiveness parallels broader findings in rural development research showing stronger digital integration impacts in less-developed regions where marginal returns remain highest, extending the literature on rural digital economy development where evidence demonstrates that as digital infrastructure matures, its capacity to promote rural prosperity increases substantially (Lu et al., 2025), suggesting non-linear adoption dynamics in geographically dispersed markets. Interestingly, this distance penalty attenuates during peak tourism seasons when consumers’ willingness to tolerate longer travel times increases, suggesting temporal variation in perceived behavioral control constraints.

Product-type heterogeneity (9,234 CNY for experience-based offerings versus 5,467 CNY for food services) reveals interaction effects between affordance theory and S-O-R mechanisms. Experience products (tea-picking, pottery, folk performances) generate optimal returns through visual storytelling affordances of short-video platforms, receiving 2.8 times more engagement (3,456 average likes) than food content because immersive visual representation effectively communicates intangible experiential qualities (Xie et al., 2023). The S-O-R model explains this mechanism: experience product previews generate high-arousal emotional states establishing destination desirability before purchase consideration. Accommodation similarly benefits from scenario-based visual marketing, with higher average transaction values (458 CNY) amplifying marginal marketing returns. Food services face constrained effectiveness because visual presentation is limited by shooting technology and fierce competition produces homogenized market positioning, resulting in lower average transaction values (76 CNY) that reduce marketing ROI even with equivalent conversion rates. Notably, food product marketing effectiveness is further constrained by sustainability and regulatory dimensions beyond immediate sales considerations. Evidence demonstrates that environmental regulations and other institutional constraints shape consumer food purchasing decisions and producer competitiveness (Xu et al., 2025), particularly in agricultural contexts where regulatory frameworks facilitate sustainable production. This product-type variation demonstrates that social media marketing effectiveness depends fundamentally on alignment between platform affordances and product characteristics enabling authentic attribute communication, particularly for goods with high information asymmetry, while acknowledging that commodity-oriented products operate within broader institutional and regulatory constraints that moderate marketing effectiveness.

Temporal dynamics of treatment effects reveal important implementation implications. The initial four-week adaptation period reflects merchants’ learning curve in platform-specific content creation, after which effects escalate to peak at week 11 (Cohen’s d = 0.82) before moderating to 0.65. This inverted-U pattern differs substantially from urban tourism contexts where effects typically sustain longer, suggesting that rural markets’ smaller addressable audiences create audience saturation or algorithm depreciation effects. The plateau after week 11 likely reflects declining algorithmic recommendation priority for repeatedly-exposed content, consistent with platform mechanisms prioritizing novelty. This temporal heterogeneity underscores that sustained marketing effectiveness requires continuous content innovation rather than campaign repetition, with implications for both merchant strategy and experimental design methodology in tourism research.



5 Limitations and future research

Several limitations warrant acknowledgment. The geographic focus on Southwest China may constrain generalizability to rural contexts with different digital infrastructure, cultural characteristics, or institutional environments. The 16-week intervention captures short-to-medium term effects, with 6-month follow-up partially addressing longer-term sustainability; effects beyond this period remain uncertain. While randomization and statistical controls addressed major confounders, unobserved variables such as platform algorithm changes during the study period or competing merchants’ simultaneous marketing activities could influence results. The sample size of 142 merchants provides adequate statistical power for medium effect detection (Cohen’s d ≥ 0.47) but limits precision for detecting small effects (d = 0.3) or conducting highly granular subgroup analyses.

Attrition was minimal (2.1%, n = 3) with all dropouts occurring in the treatment group due to family health emergencies or unrelated business closures. Chi-square and t-tests revealed no significant baseline differences between completers and dropouts in business type, annual revenue, or digital literacy (all p > 0.60). Intention-to-treat analysis including dropouts yielded comparable results (effect = 7,223 CNY versus 7,385 CNY in per-protocol analysis), suggesting negligible bias. Nevertheless, selective dropout remains a potential internal validity threat in extended longitudinal studies with longer follow-up periods.

Future research should replicate this experimental design in diverse geographic and institutional contexts to test boundary conditions across different rural settings. Extended observation periods (12–24 months) would assess long-term sustainability and habituation effects beyond current knowledge. Automated platform engagement tracking through API integration would improve measurement precision beyond self-reported compliance metrics. Investigation of content quality and creative strategy effects independent of platform choice would illuminate whether platform affordances or content excellence drives differential outcomes. Finally, examination of potential negative externalities including overtourism or environmental impacts in fragile rural ecosystems would ensure comprehensive understanding of rural tourism digitalization consequences.



6 Conclusion

This randomized controlled trial establishes rigorous causal evidence that platform-specific social media marketing generates substantial economic returns for rural tourism enterprises. The 7,385 CNY average treatment effect (23.1% monthly sales increase, ROI 2.87) substantially exceeds pre-intervention predictions and demonstrates that structured digital marketing is economically viable even in resource-constrained rural contexts. Beyond quantifying effects, this research contributes theoretical advancement by demonstrating how three complementary frameworks—Theory of Planned Behavior, the S-O-R model, and social media affordance theory—operate in integrated fashion to explain heterogeneous treatment effects across platforms, products, and geographies. The platform dichotomy (short-video ROI 3.42 with 2.3% conversion; live-streaming 8.7% conversion with 2.89 ROI) reflects fundamental differences in user psychology and engagement mechanisms rather than simple channel preference. Short-video platforms generate awareness through emotional engagement and attitude formation, whereas live-streaming facilitates conversion through trust-building synchronous interaction and risk reduction. Product-type heterogeneity reflects affordance-product alignment: experiential offerings leveraging visual storytelling achieve highest returns (9,234 CNY), while commoditized food services constrained by visual representation and competitive homogenization show diminished returns (5,467 CNY). Geographic distance effects challenge conventional assumptions about digital marketing’s borderless nature, demonstrating that perceived behavioral control remains fundamentally constrained by physical travel costs despite information availability, with treatment effects declining 54% across the distance gradient.

For rural tourism practitioners, these findings establish that effective digital transformation requires sophisticated matching between platform affordances, product characteristics, and merchant capabilities rather than uniform technology adoption. Accommodation and experience-based operators should prioritize short-video as primary marketing channel with 3–5 weekly posts, accepting longer conversion cycles but achieving superior cost-efficiency. Food service and commodity merchants should emphasize live-streaming e-commerce with evening-hour scheduling (peak conversion periods) while leveraging real-time product demonstration to reduce purchase risk. The documented four-week adaptation period indicates that structured skill development is prerequisite to intensive campaigns, with performance plateauing absent continuous content innovation. For geographically remote destinations, realistic strategic expectations must acknowledge substantial marketing effect attenuation (approximately 54% of near-urban returns), necessitating either higher content volume, strategic urban distribution partnerships, or seasonal peak-period concentration.

For policy makers, findings identify specific intervention points where marginal policy investments generate disproportionate returns. Digital infrastructure remains foundational, as internet quality emerged as significant marketing effect moderator. This critical role of infrastructure aligns with broader rural development evidence demonstrating that digital financial inclusion and infrastructure investment substantially enhance agricultural productivity and enable rural revitalization (Jin and Zhong, 2024), while also bridging the digital divide to reduce income inequality and promote economic growth (Medhioub and Boujelbene, 2024), indicating the fundamental importance of comprehensive digital infrastructure as prerequisite to sectoral development initiatives. Capacity building initiatives should recognize the documented learning curve through tiered training programs progressing from basic digital literacy through intermediate content creation to advanced analytics. Platform-specific support—such as subsidized professional videography services for short-video creators or shared live-streaming studios reducing individual equipment barriers—directly reduces entry costs for resource-constrained merchants. Distance-sensitive subsidy design, providing higher support for remote merchants compensating for geographic disadvantages, should incorporate performance metrics ensuring that public investment produces measurable sales increases rather than mere platform adoption. Integration of environmental and sustainability considerations throughout capacity building and infrastructure investment merits attention, as evidence demonstrates that green finance mechanisms can simultaneously support environmental governance and rural green development (Zhang et al., 2025), while green finance reforms effectively unlock sustainability potential and enhance corporate ESG performance (Gao et al., 2024). These findings suggest that sustainable finance instruments can advance multiple sustainable development goals concurrently (Raman et al., 2025), indicating that comprehensive rural development requires simultaneous attention to economic efficiency and ecological sustainability. The 78% sustainability of effects at 6-month follow-up suggests that social media marketing generates durable benefits when implemented strategically, but this durability depends critically on continuous content innovation and platform engagement maintenance rather than one-time interventions.
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