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Abstract


Understanding how digital technology innovation affects the resilience of the forestry economy and the mechanisms at play is a critical step in resolving the “resource–development” contradiction and advancing the sustainable development of the forestry sector amid the ongoing technological revolution. This study uses panel data from 31 Chinese provinces, municipalities, and autonomous regions covering the period from 2004 to 2023. This study applies the entropy weight method to quantitatively assess forestry economic resilience and uses a two-way fixed effects model to empirically test the impact of digital technology innovation on resilience. It also examines how industrial structure upgrading and the digital divide influence this relationship. This study found that digital technology innovation significantly enhances forestry economic resilience. The industrial structure upgrading of forestry plays a minor mediating role in this effect. The first- and second-level digital divides negatively moderate the impact of digital technology innovation on resilience, while the third-level divide has no significant effect. Additionally, the impact of digital technology innovation varies across different quantiles and climate risk levels.
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1. Introduction


The “Recommendations on the 15th Five-Year Plan for National Economic and Social Development,” approved at the Fourth Plenary Session of the 20th Central Committee, set the goal of “achieving major progress in building a Beautiful China.” These recommendations further state that “green production and lifestyles are largely established” and that “ecosystem diversity and stability continue to improve.” Forestry, an essential pillar of the green economy, significantly contributes to ecological well-being and offers advantages through sustainable development. However, in transitioning from a traditional “timber economy” to a modern “ecological economy,” forestry faces numerous challenges, including the inherent fragility of forest ecosystems and insufficient industrial diversification. Therefore, boosting the resilience of the forestry economy is vital to promoting diversification and ensuring sustainable development in the face of real-world challenges.



Digital technology is being seamlessly embedded into all areas of human development, including economic, political, cultural, social, and ecological progress, through novel concepts, business models, and innovations. In February 2023, the Central Committee of the Communist Party of China and the State Council issued the “Overall Layout Plan for the Construction of Digital China,” aiming to deeply integrate digital technology with the real economy and accelerate its innovation and application. The use of digital technology in forestry is growing rapidly. Technologies like 5G, drones, and AI play a pivotal role in the development of smart forest management systems and the enhancement of precise, efficient forestry practices. Internationally, the FAO advocates for the use of digital technologies in forestry, helping countries establish comprehensive forest information management systems and promoting global data exchange and technical cooperation. The United States, Europe, and other regions use satellite monitoring and drones to assess forest health and track illegal logging. Digital technology innovation (DTI) in forestry is a crucial factor in strengthening resilience and advancing the sustainable growth of the forestry economy. In conclusion, investigating the influence of DTI on forestry economic resilience (FER) and its underlying mechanisms is both theoretically and practically valuable. It highlights how digital technology enhances FER and offers a foundation for promoting sustainable development and diversification in forestry.



The term “resilience” comes from the Latin “resilio,” meaning “to return to the original state” [1]. As early as the mid-19th century, “resilience” was widely used in mechanical engineering to describe the ability of metals to recover their shape under external forces [2]. In the 1970s, ecologist Holling introduced the concept of “resilience” into ecosystem theory, defining ecological resilience as the dynamic ability of an ecosystem to absorb, persist, and recover balance after brief sudden shocks [3]. After the 1990s, the concept of “resilience” was gradually adopted in fields such as economics, sociology, and psychology. In economics, Martin et al. were among the first to propose measuring economic resilience by the gap between actual and expected changes in economic growth rates [4]. However, due to their complexity, economic systems cannot be fully evaluated using a single indicator. Therefore, Briguglio et al. used a comprehensive evaluation method to assess regional economic resilience across four dimensions: macroeconomic stability, microeconomic market efficiency, good governance, and social development [5]. Currently, studies on FER mainly rely on research findings from economic resilience. Xu et al. [6] developed a comprehensive evaluation system with 18 indicators across three dimensions—resistance, adaptability, and transformation capacity—to assess China’s FER from 2011 to 2020. They found an overall upward trend and spatial differentiation, with higher levels in the southeast and lower levels in the northwest. Huang et al. quantified FER across five dimensions: production, development, sustainability, innovation, and transformation resilience [7]. These findings provide important references for the present study. However, research on digital technology in the forestry sector is still limited. However, with the onset of a new technological revolution, scholars have acknowledged the key role of digital technology in the development of modern forestry [8]. Holm et al. developed virtual forest software using a game engine to simulate forest evolution under various natural, economic, and social conditions, helping forest planners make complex decisions and minimize the impact of external shocks on forestry systems [9]. Triviño et al. used systematic review and meta-analysis methods, finding that digital technology in forestry promotes biodiversity, maintains ecosystem services, improves labor efficiency, reduces risks, and enhances climate change adaptation, significantly boosting FER [10]. Additionally, Astarini I.A. et al. argued that smart forestry fosters mutually beneficial development between local ecology and the economy [11,12]. These viewpoints provide an in-depth understanding of how DTI influences the resilience of the forestry economy. In summary, while existing research provides a solid foundation for this study, several limitations remain. First, comprehensive evaluations of FER have not fully addressed the diverse development characteristics of the forestry industry within the context of ecological construction. Second, research on the impact of DTI on FER is still in its early stages and primarily focused on theoretical discussions. There is a gap in empirical research and exploration of the mechanisms through which DTI affects FER.



This study is organized into five parts to thoroughly explore the impact of DTI on FER and investigate its underlying mechanisms and heterogeneous characteristics. First, this study conducts a theoretical exploration of how DTI influences FER and outlines the proposed research hypotheses. Second, a scientific evaluation index system is developed to assess the FER levels in 31 provinces, municipalities, and autonomous regions of China. Meanwhile, appropriate proxy indicators are selected for DTI, forestry industrial structure upgrading, the digital divide, and other variables to inform the research design. Third, this study thoroughly investigates the effect of DTI on FER, examines the role of forestry industrial structure upgrading as a mediator, and looks into the moderating influence of digital divides at various levels, uncovering how DTI boosts FER. Fourth, this study examines the effects of DTI on FER across different quantiles and analyzes its impact under varying climate risk gradients, revealing the heterogeneity of these effects in different internal conditions and external contexts. Fifth, this study summarizes the key arguments and offers policy recommendations.




2. Theoretical Analysis and Research Hypothesis


2.1. Digital Technology Innovation and the Resilience of the Forestry Economy


The core of FER lies in the system’s ability to resist risks, adapt, adjust, and innovate when faced with external uncertainties like natural disasters and climate change [13]. According to technological innovation theory, “innovation” can provide forestry economic development with a new production function, enabling a new combination of production factors and conditions [14]. Breakthroughs in key technologies, such as intelligent forest resource monitoring, ecosystem diagnosis, drone swarm precision nurturing, and intelligent disaster prediction, have disrupted the traditional experience-based management model. This shift has moved management from static control to an intelligent, adaptive model, significantly improving resource management efficiency and precision, reducing forest resource loss, and enhancing resource potential while strengthening dynamic adjustment capacity in response to external disturbances [15]. On the other hand, the introduction of digital technologies like cloud computing and blockchain has created a reliable data integration platform for the forestry economic system, breaking information barriers and enabling real-time interaction and coordinated allocation of factors like social needs, economic fluctuations, and ecological changes to address external complexity and uncertainty [16]. Based on this, the paper proposes the following hypothesis:



Hypothesis H1.

DTI enhances FER.






2.2. The Mediating Role of Forestry Industrial Structure Upgrading


According to the technology–economics paradigm, DTI is a key driver of forestry industrial structure upgrading [17]. On one hand, the diffusion of innovative technologies can reconfigure factors like labor and capital, improving total factor productivity in forestry and accelerating industrial structure optimization [18,19]. The innovative use of digital technologies like AI can promote the precise allocation of land resources, improve labor skills, and enhance capital mobility, driving the transformation and upgrading of traditional production factors [20]. Meanwhile, data elements from technological innovation can empower traditional factors, promote the restructuring of factor roles and production relations, and create a multi-factor collaborative value network, significantly improving production efficiency and facilitating industrial structure upgrading [21]. On the other hand, innovative digital technologies, with their permeability, substitutability, and synergy, can break industry boundaries and geographic limitations, promote the integration of forestry’s primary and secondary industries into the tertiary sector, foster emerging business forms, and facilitate resource exchange across the industry chain and regions, optimizing and upgrading the industrial structure [22,23].



Industrial structure upgrading enhances the internal stability of the forestry system, thereby increasing economic resilience. On one hand, optimizing resource allocation during industrial structure upgrading enhances redundancy in economic, social, and ecological resources, improving the system’s overall risk resilience [24]. On the other hand, the integration of the industrial structure from primary and secondary industries to the tertiary sector expands the value chain, disperses external risks, and enhances internal synergy and flexibility, improving the forestry system’s adaptability and economic resilience [25]. In light of this, this study proposes the following hypotheses:



Hypothesis H2.

DTI enhances FER by promoting the upgrading of forestry industrial structure.






2.3. The Moderating Role of the Digital Divide


With the rapid development of the digital age, the digital divide is widening and becoming a global social issue. According to digital divide theory, the innovation and development of digital technology may not bring universal benefits. Instead, it could worsen development inequalities between groups due to differences in resource access, cognitive abilities, and technological literacy, creating disparities in FER [26]. The digital divide manifests in three levels: the first-level digital divide, characterized by “access gaps” in digital infrastructure; the second level, characterized by “usage gaps” in digital technology; and the third level, defined by “income gaps” in digitalization [27]. The first-level digital divide primarily affects the impact of DTI on FER by restricting information accessibility. In regions with inadequate infrastructure, the adoption of innovative digital technologies is often limited, weakening the forestry system’s economic resilience to external shocks such as ecological changes and market fluctuations [28]. The moderating effect of the second-level digital divide primarily weakens the effectiveness of innovative digital technologies’ actual application. The effectiveness of DTI relies on user adoption, and the second-level digital divide limits users’ ability to adopt and apply technology, reducing its positive impact on FER [29]. The third-level digital divide has a more indirect moderating effect on FER, mainly due to income disparities affecting technology affordability. Low-income regions struggle to afford the costs of adopting digital technology, hindering its conversion into technological capital and weakening its positive impact on FER [30]. In light of this, the following hypothesis are put forward:



Hypothesis H3a.

The first-level digital divide negatively moderates the impact of DTI on FER.





Hypothesis H3b.

The second-level digital divide negatively moderates the impact of DTI on FER.





Hypothesis H3c.

The third-level digital divide negatively moderates the impact of DTI on FER.





In conclusion, to evaluate the above hypotheses, this study will utilize panel data and apply a two-way fixed effects model, as explained in Section 3. Section 3 also outlines the data sources, variable selection, and model choice.





3. Materials and Methods


3.1. Variable Selection


3.1.1. Dependent Variable


FER is the dependent variable, and its measurement indicators are not yet standardized. Based on research by Ding et al., Sun et al., and Van Schmidt N.D. et al., this study measures FER using three dimensions: risk resistance, adaptive adjustment, and reconstruction innovation capacity [31,32,33]. (1) Risk resistance capacity focuses on absorbing and alleviating external pressure, with its core in resource redundancy and production–supply stability within the forestry economic system. Therefore, six indicators—such as forest area, labor input, capital input, and per capita forestry output—are selected to represent these aspects. (2) Adaptive adjustment capacity focuses on the sustainability and recovery of the forestry economy in reaction to external disruptions. Therefore, six indicators—such as the alternative livelihood index for forestry farmers, sustainability of logging, forest management intensity, and forestry disaster prevention rate—are selected for quantification. (3) Reconstruction innovation capacity promotes adaptive development of the forestry economy under external pressure, following transformational principles. Four indicators are selected to represent knowledge accumulation and technological transformation: the number of forestry technology patents, technology promotion coverage, proportion of specialized technicians, and employees’ educational level. The detailed assessment criteria are presented in Table 1. Based on this, after determining the indicator weights using the entropy weight method, a composite FER index is calculated and logarithmically processed.



The specific calculation formula is as follows:



(1) Data normalization processing: Standardize the original matrix   X = (  x  i j   )   to obtain the standardized matrix   Z = (  z  i j   )  .


  For   positive   indicators :    z  i j   =     x  i j   − min (  x  i j   )   max (  x  i j   ) − min (  x  i j   )     



(1)






  For   negative   indicators :    z  i j   =    max (  x  i j   ) −  x  i j     max (  x  i j   ) − min (  x  i j   )     



(2)







In the formula, i represents the i-th evaluation object (i = 1, 2, 3, …, m), and j represents the j-th indicator (j = 1, 2, 3, …, n).



(2) Calculate the characteristic weight    p  i j     of the j-th indicator:


   p  i j   =     z  i j       ∑  i = 1  m    z  i j         



(3)







(3) Calculate the information entropy value   e j   of the j-th indicator:


   e k  = −   1  ln  m        ∑   i = 1  m    p  i j   ln    p  i j      



(4)







(4) Normalize the coefficient of variation to determine the weight    w j    of the j-th indicator:


   w j  =    1 −  e j      ∑  j = 1  n   ( 1 −  e j    )    ( 0 ≤  w j  ≤ 1 )  



(5)







(5) Calculate the composite index for each evaluation object:


  F E  R  i , t   =   ∑  i = 1  m    w j   z  i j      



(6)







To verify the reliability of the FER index, the index is recalculated using the entropy weight-TOPSIS approach and the correlation between the indices derived from both methods is examined through the Pearson correlation coefficient [34]. The results show that the Pearson correlation coefficient between the two indices is 0.9825, with a p-value less than 0.001, indicating that the index results are robust.




3.1.2. Core Independent Variables


The number of patent applications is commonly used to measure innovation capability, and many studies have used it to assess independent innovation capability at the industry level [35,36,37]. Drawing on the work by Tao et al., this research study utilizes technical data from the International Patent Classification (IPC) to identify forestry DTI patents that correspond to the technical features of digital innovation activities at the IPC level [38]. This study uses the “Statistical Classification of the Digital Economy and Its Core Industries (2021)” and the “Reference Table of the Relationship between International Patent Classification and National Economic Industry Classification (2018)” issued by the National Bureau of Statistics to identify the technological fields corresponding to forestry DTI and their IPC codes. Based on the identified IPC group codes, annual patent application data for forestry digital technologies were obtained from the incoPAT global patent database. Based on this, the number of patents was counted by province and year, and a measurement index for the level of DTI in forestry was constructed and log-transformed.




3.1.3. Mediating Variable


Building on the earlier theoretical analysis, the upgrading of the forestry industrial structure may mediate the impact of DTI on FER. Currently, indicators for measuring industrial structure upgrading mainly include the ratio of the tertiary to secondary industry and the industrial structure hierarchy coefficient. Building on research by Tan et al., the ratio of forestry tertiary industry output to total output is used, along with a logarithmic transformation [39,40,41].




3.1.4. Moderating Variable


The concept of the digital divide, introduced in 1999, describes the gap between those who have access to technological tools and those who do not in the information age [42]. Over time, the widely recognized framework of the digital divide has evolved into three levels: the first-level digital divide (FDDi), primarily caused by differences in infrastructure and services, reflecting the gap in technology access. On one hand, the study period (2004–2023) makes it difficult to obtain relevant technology access data. On the other hand, digital development in forest and remote areas lags behind, with infrastructure scarcity being the primary cause of the technology access gap. Therefore, considering data availability and development conditions, and referring to existing studies, the inverse of mobile phone switch capacity (in ten thousand households) for each province is used to measure the first-level digital divide [43,44]. A larger value indicates a larger first-level digital divide. The second-level digital divide (SDDi) reflects inequality in information usage due to differences in economic, educational, and regional factors. It is measured by the inverse of the average years of education of forestry workers [45,46]. A larger value indicates a larger second-level digital divide. The third-level digital divide (TDDi) emerges with the rapid development and widespread penetration of the digital economy, causing income disparities due to digital technology applications. It is represented by the urban–rural income gap in each province [47,48]. A larger value indicates a larger third-level digital divide. The average years of education are assigned values based on education level: 9 for middle school and below, 12 for high school and vocational school, and 16 for college and above. The urban–rural income gap is measured using the Theil index [49]. All variables are log-transformed.




3.1.5. Control Variables


To avoid bias from omitted variables, this study includes a series of control variables based on existing research: economic development (Pgdp), measured by per capita regional GDP (yuan); social security (Secur), measured by local fiscal social security and employment expenditure (billion yuan); transportation accessibility (Road), measured by total highway mileage per 100 square kilometers (km/sq km); environmental governance investment (Egi), measured by pollution control investment (billion yuan); precipitation (Pr), measured by the ratio of precipitation to administrative area in each province (m) [50,51,52]. All control variables are log-transformed.





3.2. Data Sources and Descriptive Statistics


Data from 31 Chinese provinces, municipalities, and autonomous regions (2004–2023) are used to examine the impact of DTI on FER. Due to data limitations, Hong Kong, Macau, and Taiwan are excluded for now. Specifically, forestry digital technology patent data are obtained from the incoPAT global patent database (https://www.incopat.com/) (accessed on 2 January 2026); precipitation data for each province comes from the Zhejiang University Cart-Enterprise Research China Agricultural Research Database (CCAD; https://r.qiyandata.com/home) (accessed on 10 January 2026); climate risk index data are sourced from the Guotai An (CSMAR) database (https://data.csmar.com/) (accessed on 11 January 2026). All other data are sourced from the “China Forestry and Grassland Statistical Yearbook”, downloaded and organized through the National Forestry and Grassland Administration (http://202.99.63.178/c/www/tjnj.jhtml) (accessed on 18 January 2026), and the “China Statistical Yearbook”, downloaded and organized through the National Bureau of Statistics website (https://data.stats.gov.cn/) (accessed on 18 January 2026). For missing values in some samples, the methods used by Xu et al. are referenced, with linear interpolation and regression interpolation used for supplementation [53,54].



This study presents descriptive statistics for the main variables in the regression results in Table 2. Specifically, the valid sample size for all variables is 620. The mean FER is −1.9337, with a maximum of −0.4265 and a minimum of −3.3541. The mean of DTI is 4.3186, with a maximum of 7.5689 and a minimum of 0. This suggests differences in both FER and DTI across samples. Additionally, there are differences across the samples of each control variable. Overall, the statistical results for all variables meet expectations, with no significant outliers affecting the results.




3.3. Model Selection


3.3.1. Baseline Regression Model


To explore the impact of DTI on FER (Hypothesis H1), this study constructs the following econometric model:


  F E  R  i , t   =  β 0  +  β 1  D T  I  i , t   +  ∑   β η  C o n t r o l  s  i , t     +  μ i  +  δ t  +  ε  i , t    



(7)







The variable subscripts i and t represent provinces and time, respectively.   F E  R  i , t     represents the FER index of province i in year t;   D T  I  i , t     represents the level of DTI in province i in year t;   C o n t r o l  s  i , t     represents the control variables;    β 0   ,    β 1   , and    β η    represent the coefficients to be estimated for the constant term, the core explanatory variable, and all control variables, respectively. In addition to the control variables, the model also controls for province-fixed effects (   μ i   ) and time-fixed effects (   δ t   ).    ε  i , t     represents the random disturbance term.




3.3.2. Mediation Effect Model


To further investigate the underlying mechanism through which DTI impacts FER, this study focuses on analyzing the critical mediating role of industrial structure upgrading (Hypothesis H2). Drawing on the testing method by Wen et al., the following mediation effect model is established based on Formula (7) [55]:


  F I S  U  i , t   =  α 0  +  α 1  D T  I  i , t   +  ∑   α η  C o n t r o l  s  i , t     +  μ i  +  δ t  +  ε  i , t    



(8)






  F E  R  i , t   =  γ 0  +  γ 1  D T  I  i , t   +  γ 2  F I S  U  i , t   +  ∑   γ η  C o n t r o l  s  i , t     +  μ i  +  δ t  +  ε  i , t    



(9)







In the formula,   F I S  U  i , t     represents the forestry industrial structure upgrading index, and the remaining variables are consistent with the baseline regression model.




3.3.3. Moderation Effect Model


To test the moderating effect of forestry industrial structure optimization on the impact of DTI on FER (Hypothesis H3), the interaction term between DTI and forestry industrial structure optimization is added to the baseline regression model, resulting in the following model:


  F E  R  i , t   =  θ 0  +  θ 1  D T  I  i , t   +  θ 2  D T  I  i , t   × D D  i  i , t   +  θ 3  D D  i  i , t   +  ∑   θ η  C o n t r o l  s  i , t     +  μ i  +  δ t  +  ε  i , t    



(10)







  D D  i  i , t     represents the digital divide, which is successively replaced by the first-level digital divide   F D D  i  i , t    , the second-level digital divide   S D D  i  i , t    , and the third-level digital divide   T D D  i  i , t    .   D T  I  i , t   × D D  i  i , t     represents the interaction term between DTI and the digital divide, and the interpretation of the other variables remains consistent with the baseline regression model.






4. Results


4.1. Baseline Regression Analysis Results


Table 3 presents the baseline regression results on the impact of DTI on FER. The results show that the DTI coefficient is significantly positive at the 1% level, indicating that DTI significantly improves FER. After incorporating province- and time-fixed effects, along with a series of control variables, the DTI coefficient remains significantly positive at the 5% level, confirming the reliability of the result. Therefore, Hypothesis H1 is supported.




4.2. Robustness Test


4.2.1. Replacement of the Dependent Variable


Based on research by Yin et al., this study replaces the original dependent variable with the FER index obtained through the entropy weight-TOPSIS method and performs regression analysis again [56]. The test results in column (1) of Table 4 show that DTI significantly enhances FER. This result further validates the robustness of the findings.




4.2.2. Joint Fixed Effects


Traditional fixed effects models have difficulty controlling for endogeneity caused by unobservable variables that vary over time and across individuals. To capture the differentiated impact of common factors on heterogeneous individuals, Bai introduced interaction fixed effects in the linear panel model by multiplying individual and time effects, enhancing model flexibility [57]. Drawing on this method, this study adds an interaction term between province and time trends in model (7). The test results in column (2) of Table 4 show that DTI still significantly impacts FER.




4.2.3. Other Robustness Tests


First, to address the issue of too few clusters, this study uses the Wild cluster bootstrap method to validate the main conclusions [58]. The results in column (3) of Table 4 indicate a significantly positive DTI coefficient at the 1% level. With a 95% confidence interval of [0.044, 0.149], which does not include 0, it suggests that the findings are robust and not influenced by the limited number of clusters. Second, to minimize the potential impact of extreme values, a 1% trimming procedure is applied to all variables [59]. The DTI coefficient remains significantly positive at the 5% level. Third, from a practical perspective, DTI and its application, which affect FER, may have a lag, meaning that FER may be influenced by past innovations. Therefore, from a long-term perspective, the first and second lags of DTI are used as explanatory variables for regression [60]. The results in columns (5) and (6) of Table 4 are consistent with the baseline regression results, confirming their robustness.





4.3. Endogeneity Test


The earlier baseline regression results may suffer from reverse causality, leading to endogeneity. Specifically, DTI can enhance FER, and vice versa, improvements in FER also drive advancements in digital technology. Additionally, various unobservable factors make omitted variable bias unavoidable, contributing to endogeneity.



To address this, following Chen Junhua et al.’s method, the 2SLS instrumental variable method is applied, using topographic roughness as an instrument to overcome potential endogeneity issues [61,62,63]. The feasibility comes from the fact that topographic roughness is an objective natural characteristic that does not directly affect FER. In regions with higher topographic roughness, traditional forestry activities, such as large-scale planting, logging, and transportation, incur high costs and low efficiency, driving the development of adaptive technologies to overcome geographic barriers. Therefore, topographic roughness is likely to be significantly correlated with forestry DTI, meeting both relevance and exogeneity requirements. Additionally, topographic roughness may influence FER through economic development and transportation accessibility. To exclude these indirect effects, this study includes control variables like per capita regional GDP and road density in the regression model to account for potential interference, ensuring that the instrumental variable satisfies the exclusion restriction. Using time-invariant topographic roughness data, this study constructs an interaction term with the time variable as an instrumental variable.



Table 5 presents the two-stage regression results. The first-stage regression (column (1)) indicates that the instrumental variable coefficient is significantly positive at the 1% level. The F-statistic is greater than 10, suggesting no issue with weak instruments and a statistically significant relationship with the endogenous variable. In the second-stage results (column (2)), the DTI coefficient shows a significant positive value at the 1% level. The Kleibergen–Paap rk LM statistic is significant at the 1% level, leading to the rejection of the non-identifiability null hypothesis. The Kleibergen–Paap rk Wald F statistic surpasses the Stock–Yogo critical threshold at the 10% level, providing further validation for the instrumental variable. This outcome indicates that after addressing potential endogeneity bias using the interaction term instrumental variable, DTI continues to exert a significant and robust positive effect on FER.




4.4. Examination of Mechanism of Action


4.4.1. Analysis of the Mediation Effect Model Regression Results


Based on previous theoretical and empirical analysis, the forestry industrial structure upgrading index is used as a mediator to further explore the impact of DTI on FER. Following Wen et al.’s approach [55], first, the relationship between DTI and forestry industrial structure upgrading is examined using model (8). The results in column (1) of Table 6 show that DTI significantly impacts forestry industrial structure upgrading. Next, using model (9), the impact of both DTI and forestry industrial structure upgrading on FER is analyzed. The findings in column (2) of Table 6 reveal that the coefficients for both DTI and forestry industrial structure upgrading exhibit a significant positive relationship at the 5% significance level. Additionally, compared with model (7), the DTI coefficient in model (8) decreases, suggesting that forestry industrial structure upgrading partially mediates the effect of DTI on FER, supporting the validity of Hypothesis H2. To strengthen the robustness of this conclusion, this study tests the mediation effect by using the bias-corrected non-parametric percentile bootstrap method, with 1000 resamples. The results show an indirect effect size of 0.0088, with a 95% bias-corrected confidence interval of [0.0015, 0.0259], excluding 0, indicating that forestry industrial structure upgrading does play a mediating role in the effect of DTI on FER, although the mediation effect is limited.




4.4.2. Analysis of the Moderation Effect Model Regression Results


Building on earlier empirical results showing that DTI enhances FER, this section uses model (10) to examine whether different levels of the digital divide weaken this effect [64,65]. The results are presented in columns (3), (4), and (5) of Table 6. The interaction coefficients between FDDi, SDDi, and DTI are significantly negative at the 5% level, indicating that as the “access gap” and “usage gap” increase, the effect of DTI on FER diminishes. This suggests that the first-level and second-level digital divides act as negative moderators in the relationship between DTI and FER, supporting Hypotheses H3a and H3b. The interaction coefficient between TDDi and DTI is not significant, suggesting that the third-level digital divide does not significantly moderate the impact of DTI on FER, rejecting Hypothesis H3c. This may be because the “income gap” affects the affordability of digital technology, but its impact is more indirect compared with the “access gap” and “usage gap.” Additionally, the “income gap” is not the primary bottleneck in improving FER at this stage. The “access gap” and “usage gap” remain the primary constraints on enhancing FER.





4.5. Further Analysis


4.5.1. Heterogeneity of FER Levels


Ordinary Least Squares (OLS) can only estimate the average marginal effect of DTI on FER at the “conditional mean.” However, in real-world development, forestry economic systems at different resilience levels may face significantly different internal constraints and external environments. The quantile regression model proposed by Koenker et al. effectively addresses this problem [66]. To explore the varying effects of DTI across different conditional quantiles of FER, a two-way fixed quantile model is utilized, with the findings outlined in Table 7. DTI has a significant positive effect on FER at the 0.30, 0.60, and 0.90 quantiles. Its promoting effect increases as the quantile rises, showing a clear increase in marginal benefits.




4.5.2. Heterogeneity of Climate Risk


The impact of DTI on FER is constrained by both internal conditions, such as resilience levels, and external factors. The growth of the forestry economy is largely dependent on forest resources, and severe weather events driven by climate change have a substantial impact on the potential of these resources, limiting the enhancement in FER. Thus, it is essential to further investigate the variability in the impact of DTI on FER across different levels of climate risk. The climate risk index is categorized into three levels, high, medium, and low, corresponding to level III, level II, and level I climate risk, respectively. Group regressions are then performed based on model (7). The findings in Table 7 indicate that the impact of DTI on FER is strongly contingent on the level of climate risk. DTI significantly impacts FER only in the level I climate risk group. In the level II and level III climate risk groups, this impact is not significant.






5. Discussion


This study examines the impact of DTI on FER and its mechanisms, proposing three hypotheses: DTI positively affects FER (Hypothesis H1), forestry industrial structure mediates this effect (Hypothesis H2), and the digital divide moderates this effect (Hypothesis H3). Using panel data from 31 provinces (municipalities and autonomous regions) in China from 2004 to 2023, the fixed effects model was applied to validate the support for all three hypotheses.



The baseline regression outcomes reveal that upon incorporating control variables, the coefficient for the effect of DTI on FER stands at 0.1011. This result indicates that DTI in the forestry sector enhances the forestry economic system’s ability to respond to external shocks. DTI in the forestry industry has redefined the integration of traditional production factors, introducing data as a novel production element within the production function. This has optimized resource allocation efficiency and strengthened the forestry economic system’s risk resistance, adaptive regulation, and innovation capabilities. Mu et al. proposed that rural digital development positively impacts FER [52], while Zhou et al.’s study confirmed that digital technology development enhances agricultural economic resilience [67]. These studies provide valuable references and evidence supporting this research work. The rapid development of smart forestry in recent years also provides practical evidence supporting this study’s conclusions.



The mediation effect model regression results show that forestry industrial structure upgrading partially mediates the impact of DTI on FER. Nonetheless, the robustness check using the bias-adjusted non-parametric percentile bootstrap method indicates the presence of a mediation effect, though its magnitude is merely 0.0088. This somewhat reflects the current development situation of the forestry economy. Although digital technology is gradually penetrating the forestry sector, forestry economic development still heavily depends on forest resources, which have long production cycles. The speed of technology diffusion is slow, and the process from innovation to adoption and industrial structure upgrading still faces many challenges. Therefore, the mediation effect of forestry industrial structure upgrading remains relatively weak at this stage.



The regression findings from the moderating effect model indicate that the first- and second-level digital divides significantly negatively moderate the impact of DTI on FER, while the third-level digital divide has no significant moderating effect at this stage. The “access gap” and “usage gap” remain the primary constraints on improving FER. Therefore, in practical development, efforts should focus on bridging the first- and second-level digital divides, improving technology access in different regions and enhancing the technology application skills of forestry workers.



This study performed a heterogeneity analysis and found that the impact of DTI on FER shows increasing marginal benefits: the higher the level of FER, the greater the promoting effect. Regions with higher FER have advantages in resource endowment, infrastructure, and technology application capabilities, which allow them to better harness the empowering effect of digital technology. Furthermore, this study reveals that the effect of DTI on FER is highly dependent on climate risk levels, being significant only when climate risk is low. This finding aligns with the characteristic of forestry economics’ high dependence on forest resources. When climate risk is lower, forest resources are more stable, leading to higher FER. Therefore, the foundation for empowering forestry resilience with digital technology is ensuring the safety and stability of forest resources. This also reflects that the development of China’s forestry economy remains relatively singular, with insufficient risk resilience, highlighting the urgent need to diversify the forestry economy to mitigate climate risks.




6. Conclusions and Policy Recommendations


Based on a comprehensive evaluation system for FER and its quantitative measurement, this study systematically investigates the effects and mechanisms of DTI on FER. The key results are summarized as follows: (1) DTI significantly enhances FER, and this conclusion holds after replacing the dependent variable, introducing interaction terms for individual and time effects, performing Wild cluster bootstrap tests, trimming extreme values by 1%, and conducting other robustness and endogeneity checks. (2) Forestry industrial structure upgrading acts as a partial mediator in the impact of DTI on FER, meaning that DTI enhances resilience by promoting industrial structure upgrading. However, this mediating effect is currently limited. (3) The first- and second-level digital divides negatively moderate the impact of DTI on FER, while the third-level digital divide does not have a significant moderating effect. Currently, the “access gap” and “usage gap” remain the primary constraints on improving FER. (4) The impact of DTI on FER varies across different quantiles. As the level of FER increases, the promoting effect becomes more pronounced, demonstrating a clear trend of rising marginal benefits. (5) The promoting effect of DTI on FER is significantly constrained by climate risk, with the effect being significant only at lower risk levels.



Based on the existing FER framework, this study incorporates indicators such as the alternative livelihood index and timber harvesting sustainability into the evaluation system, reflecting the trend of diversification in the forestry industry, thereby enhancing the current evaluation system. Furthermore, this study extends previous research to confirm the effects, mechanisms, and variability of DTI on FER, thereby broadening the depth and range of inquiry in this field. It holds both theoretical and practical value for strengthening FER and fostering the sustainable growth of the forestry economy in the digital age. However, this study has some limitations. First, due to data availability limitations, the sample range is restricted, and the time span is insufficient. The chosen indicators are mainly static outcome indicators, lacking data that reflect the system’s dynamic response to external shocks. Second, according to the first law of geography, the impact of DTI on FER may have cross-regional associations [68]. Nonetheless, this study mainly centers on investigating the influence of DTI on FER and the driving forces behind it. Due to space limitations, the potential spatial spillover effects within the mechanisms have not been explored, but this will be a key focus of future research. Additionally, the findings suggest that the intermediary function of forestry industrial structure upgrading is somewhat constrained. Therefore, future research will focus on exploring the role of other potential mediating variables in the relationship between DTI and FER.



Building on the research results above, the following policy suggestions are put forward: First, the research and development of forestry digital technologies should be strengthened. Given the complexities of the natural environment, monitoring challenges, and specific characteristics of forestry production and management, research should focus on developing specialized sensors, drones, and equipment suited for complex terrains and varying climates to lower costs and improve efficiency. Secondly, the thorough integration of digital technology with the development of the forestry sector should be encouraged. Future work should build smart management platforms, create a national forest and grassland resource data warehouse, and enable the real-time monitoring and sharing of forest data, facilitating the integration of business processes and rapid response to demand. Third, research should drive the digital transformation of the forestry industry and extend its value chain. Future work should actively guide the empowerment of traditional forestry through digital technology to transition to a green, high value-added model; promote new business models such as the smart processing of high-end forestry products and digital services in eco-tourism; and integrate primary and secondary industries into the tertiary sector, ultimately building a modern forestry industry system that enhances the internal resilience of forestry economics. Fourth, targeted policies should be implemented to bridge the first- and second-level digital divides. For the access gap, 5G and satellite-based IoT should be used for real-time forest fire monitoring and pest detection in high-risk, hard-to-reach areas. For the usage gap, forestry stations and other grassroots units should be leveraged to provide skills training to forestry workers, such as farmers and forest rangers, converting the digital divide into digital dividends. Fifth, differentiated regional policies should be implemented. The impact of digital technology is influenced by variations in FER and climate risk levels, so a one-size-fits-all policy approach should be avoided. Regions with higher FER should be established as pilot areas for smart forestry, focusing on the development, application, and modeling of cutting-edge technologies. For regions with higher climate risk levels, promoting adaptive technologies should be prioritized, and deploying essential digital infrastructure for disaster prevention, emergency management, and other critical needs should be the focus of future efforts.
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Table 1. Evaluation index system of FER in China.
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Goal Level

	
Criteria Level

	
Primary

Indicator

	
Secondary Indicator

	
Indicator Description

	
Indicator Attribute






	
Forestry

economic

resilience

	
Risk

resistance ability

	
Resource

redundancy

	
Forestland area

	
Forestland area (10,000 hectares)

	
+




	
Labor input

	
Number of employees in the forestry system at year-end (persons)

	
+




	
Capital input

	
Completed investment in fixed assets in forestry (10,000 yuan)

	
+




	
Production and supply stability

	
Per capita forestry output value

	
Total forestry industry output value/year-end permanent resident population (yuan/person)

	
+




	
Forest product price index

	
Producer price index of forest products (previous year = 100) (%)

	
−




	
Output value per unit area

	
Total forestry industry output value/forestland area (yuan/hectare)

	
+




	
Adaptive

adjustment ability

	
Sustainability

	
Alternative livelihoods index

	
Non-wood industry output value/total forestry output value × 100% (%)

	
+




	
Sustainability of logging behavior

	
(Total standing timber stock × natural growth rate)/timber output × 100% (%)

	
+




	
Recoverability

	
Forestry disaster prevention and control rate

	
Forest pest and rodent damage prevention and control rate (%)

	
+




	
Human capital allocation density

	
Number of employees in forestry workstations/forest area (persons/10,000 hectares)

	
+




	
Investment intensity in key projects

	
Investment in key forestry projects/forest area (yuan/hectare)

	
+




	
Reconstruction innovation ability

	
Knowledge accumulation

	
Number of forestry science and technology patents

	
Number of forestry science and technology patents (count)

	
+




	
Technology transfer

	
Coverage rate of technology promotion

	
(Area of technology promotion by forestry workstations in the current year/planted forest area) × 100% (%)

	
+




	
Proportion of professional and technical personnel

	
Number of professional and technical personnel at township-level forestry workstations by province at year-end/number of employed staff at township-level forestry workstations by province at year-end (%)

	
+




	
Education level of employees

	
Number of personnel with associate degree or above at township-level forestry workstations by province/number of employed staff at township-level forestry workstations by province at year-end (%)

	
+











 





Table 2. Descriptive statistics of variables.
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	Variable Type
	Variables
	Symbol
	Observations
	Mean
	Standard

Deviation
	Minimum
	Maximum





	Dependent variable
	Forestry economic resilience
	FER
	620
	−1.9337
	0.4509
	−3.3541
	−0.4265



	Core independent variable
	Digital technology innovation
	DTI
	620
	4.3186
	1.8284
	0
	7.5689



	Control variables
	Level of economic development
	Pgdp
	620
	10.5481
	0.7303
	8.3464
	12.2075



	
	Social security level
	Secur
	620
	5.8844
	1.0423
	2.1006
	7.7998



	
	Transportation accessibility
	Road
	620
	−0.4631
	0.9211
	−3.3707
	0.8186



	
	Environmental governance investment
	Egi
	620
	4.5255
	1.2872
	−3.9120
	7.1653



	
	Precipitation
	Pr
	620
	2.0283
	0.6468
	0.1805
	3.2400



	Mediating variable
	Upgrading of the forestry industrial structure
	FISU
	620
	−2.3599
	1.0228
	−7.4422
	−0.4899



	Moderating variable
	First-level digital divide
	FDDi
	620
	0.1231
	0.0194
	0.0989
	0.2473



	
	Second-level digital divide
	SDDi
	620
	0.3828
	0.0123
	0.3584
	0.4701



	
	Third-level digital divide
	TDDi
	620
	−2.3906
	0.6051
	−4.1435
	−1.0425










 





Table 3. Baseline regression results.
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Variables

	
(1)

	
(2)

	
(3)

	
(4)




	
FER

	
FER

	
FER

	
FER






	
DTI

	
0.0903 ***

	
0.0898 **

	
0.1227 ***

	
0.1011 ***




	

	
(0.0172)

	
(0.0181)

	
(0.0203)

	
(0.0170)




	
Pgdp

	

	

	

	
0.5651 ***




	

	

	

	

	
(0.0756)




	
Secur

	

	

	

	
−0.1639




	

	

	

	

	
(0.1301)




	
Road

	

	

	

	
−0.3471 *




	

	

	

	

	
(0.1391)




	
Egi

	

	

	

	
0.0489




	

	

	

	

	
(0.0373)




	
Pr

	

	

	

	
0.0108




	

	

	

	

	
(0.0399)




	
Constant

	
−2.3237 ***

	
−2.3217 ***

	
−2.5907 ***

	
−7.7553 ***




	

	
(0.1087)

	
(0.0777)

	
(0.0640)

	
(1.0025)




	
Province-fixed effects

	
No

	
Yes

	
Yes

	
Yes




	
Year-fixed

effects

	
No

	
No

	
Yes

	
Yes




	
N

	
620

	
620

	
620

	
620




	
R-squared

	
0.2181

	
0.2181

	
0.3460

	
0.4124








Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Values in parentheses are region-level clustered robust standard errors.













 





Table 4. Robustness test results.
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Variables

	
Entropy Weight-TOPSIS Method

	
Joint Fixed Effects

	
Wild Cluster Bootstrap Test

	
Top and Bottom 1% Trimming

	
DTI

First-Order Lag

	
DTI

Second-Order Lag




	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)




	
FER

	
FER

	
FER

	
FER

	
FER

	
FER






	
DTI

	
0.1062 **

	
0.0767 ***

	
0.1011 ***

	
0.0996 **

	

	




	

	
(0.0220)

	
(0.0107)

	
[5.9614]

	
(0.0217)

	

	




	
L.DTI

	

	

	

	

	
0.0880 **

	




	

	

	

	

	

	
(0.0238)

	




	
L2.DTI

	

	

	

	

	

	
0.0783 **




	

	

	

	

	

	

	
(0.0234)




	
Control variable

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Constant

	
−9.4064 ***

	
−6.8733 ***

	

	
−7.9707 ***

	
−7.9135 ***

	
−8.4188 **




	

	
(1.5180)

	
(0.4559)

	

	
(1.0102)

	
(1.0519)

	
(1.6652)




	
Province-fixed effects

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Year-fixed effects

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
N

	
620

	
620

	
620

	
620

	
620

	
620




	
R-squared

	
0.4128

	
0.8150

	

	
0.4029

	
0.3509

	
0.3672








Note: *** and ** indicate significance at the 1% and 5% levels, respectively. The values in [] are the t-values adjusted for clustering at the regional level.













 





Table 5. Endogeneity test results.






Table 5. Endogeneity test results.





	
Variables

	
First Stage

	
Second Stage




	
(1)

	
(2)




	
DTI

	
FER






	
IV

	
−0.0172 ***

	




	

	
(0.0027)

	




	
DTI

	

	
0.3131 ***




	

	

	
(0.0890)




	
Kleibergen–Paap rk LM

	

	
40.3180




	

	

	
[0.0000]




	
Kleibergen–Paap rk Wald F

	

	
39.2280




	

	

	
[16.3800]




	
Control variable

	
Yes

	
Yes




	
Province-fixed effects

	
Yes

	
Yes




	
Year-fixed effects

	
Yes

	
Yes




	
F statistic

	
39.2280

	








Note: *** indicate significance at the 1% level. Kleibergen–Paap rk LM is the test for instrument variable identification, Kleibergen–Paap rk Wald is the test for weak instruments, [0.0000] corresponds to the p-value of the LM test, and [16.3800] corresponds to the Stock–Yogo 10% critical value.













 





Table 6. Mechanism test results.






Table 6. Mechanism test results.





	
Variables

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)




	
FISU

	
FER

	
FER

	
FER

	
FER






	
DTI

	
0.1453 **

	
0.0923 ***

	
0.3297 **

	
0.5561 **

	
0.1106 **




	

	
(0.0290)

	
(0.0146)

	
(0.0840)

	
(0.1015)

	
(0.0332)




	
FISU

	

	
0.0607 **

	

	

	




	

	

	
(0.0142)

	

	

	




	
FDDi

	

	

	
1.7252

	

	




	

	

	

	
(1.0341)

	

	




	
DTI × FDDi

	

	

	
−1.9747 **

	

	




	

	

	

	
(0.5358)

	

	




	
SDDi

	

	

	

	
3.3004

	




	

	

	

	

	
(4.4541)

	




	
DTI × SDDi

	

	

	

	
−1.1891 **

	




	

	

	

	

	
(0.2783)

	




	
TDDi

	

	

	

	

	
−0.0168




	

	

	

	

	

	
(0.1875)




	
DTI × TDDi

	

	

	

	

	
0.0040




	

	

	

	

	

	
(0.0174)




	
Control variable

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Constant

	
−17.1450 *

	
−6.7141 ***

	
−8.0785 ***

	
−8.8785 *

	
−7.7117 ***




	

	
(6.8405)

	
(1.0313)

	
(1.2957)

	
(2.8164)

	
(1.1104)




	
Province-fixed effects

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Year-fixed effects

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
N

	
620

	
620

	
620

	
620

	
620




	
R-squared

	
0.4286

	
0.4263

	
0.4366

	
0.4164

	
0.4124








Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.













 





Table 7. Heterogeneity test results.






Table 7. Heterogeneity test results.





	
Variables

	
FER Level

	
Climate Risk Index




	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)




	
0.30

Quantile

	
0.60

Quantile

	
0.90

Quantile

	
I

	
II

	
III




	
FER

	
FER

	
FER

	
FER

	
FER

	
FER






	
DTI

	
0.0461 ***

	
0.0680 **

	
0.1311 ***

	
0.1423 **

	
0.0854

	
0.0262




	

	
(0.0153)

	
(0.0275)

	
(0.0164)

	
(0.0335)

	
(0.0468)

	
(0.0447)




	
Control variable

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Constant

	
−8.2300

	
−7.4233

	
−7.5022

	
−5.7525 **

	
−8.2982 ***

	
−9.4639 ***




	

	
(1.7496)

	
(1.4031)

	
(1.1813)

	
(1.6184)

	
(0.7675)

	
(1.1852)




	
Province-fixed effects

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Year-fixed effects

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
N

	
620

	
620

	
620

	
207

	
207

	
206




	
R-squared

	
0.7003

	
0.7193

	
0.6243

	
0.5492

	
0.4686

	
0.3543








Note: *** and ** indicate significance at the 1% and 5% levels, respectively.
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