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Abstract

:

China’s wood industry is vulnerable to the COVID-19 pandemic since wood raw materials and sales of products are dependent on the international market. This study seeks to explore the speed of log price recovery under different control measures, and to perhaps find a better way to respond to the pandemic. With the daily data, we utilized the time-varying parameter autoregressive (TVP-VAR) model, which can incorporate structural changes in emergencies into the model through time-varying parameters, to estimate the dynamic impact of the pandemic on log prices at different time points. We found that the impact of the pandemic on oil prices and Renminbi exchange rate is synchronized with the severity of the pandemic, and the ascending in the exchange rate would lead to an increase in log prices, while oil prices would not. Moreover, the impulse response in June converged faster than in February 2020. Thus, partial quarantine is effective. However, the pandemic’s impact on log prices is not consistent with changes of the pandemic. After the pandemic eased in June 2020, the impact of the pandemic on log prices remained increasing. This means that the COVID-19 pandemic has long-term influences on the wood industry, and the work resumption was not smooth, thus the imbalance between supply and demand should be resolved as soon as possible. Therefore, it is necessary to promote the development of the domestic wood market and realize a “dual circulation” strategy as the pandemic becomes a “new normal”.
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1. Introduction


Wood prices not only affect the supply and demand of wood but also influence the expectations of forest managers and the public on the income of forest land and the choice of forest resource management methods [1]. The coronavirus (COVID-19) pandemic outbreak began in November 2019 and attracted attention in early 2020. In China, cases were exponentially increasing in just a few weeks and even exceeded 80,000 at the beginning of March. Due to effective control measures, the spread of the virus got under control. However, as an international public health emergency, the sharp increase in uncertainty during the coronavirus pandemic had severe implications for the industrial supply chain of China and the world [2,3], and the pandemic might leave its legacy for years to come. According to the China Entrepreneur Investment Club (CEIC) Database, China’s actual GDP decreased by 6.8% in the first quarter of 2020, and the world’s industrial output also decreased by 4.5%. Meanwhile, the pandemic also severely affected the smooth operation of the Chinese wood market [4,5,6]. Simultaneously, according to the China’s Forest Products Import and Export Bulletin in 2020, the unit price of logs in China decreased by 16.3%, and the unit price of sawn lumber decreased by 9.9% from January to March 2020. However, in May and June, wood prices rebounded. Overall, China’s wood prices fluctuated sharply during the first half of 2020. Understanding the impact of the pandemic on wood prices and clarifying the internal mechanism is necessary to help and guide the wood market to return to orderly development. It also has specific referencing significance for other countries and responding to future international emergencies.



COVID-19 had varied impacts on different industries, which caused some hoarding and a short-term fluctuation in prices [2]. Market supply is insufficient to meet demand because of disruption in transportation, leading to an increase in the price of food and other agricultural products, and some specific products, like medical care [7,8,9,10]. Nevertheless, the total social demand for some products decreased, so the price of coal and some mining products, and some tourism service products such as airlines and hotels dropped sharply [7,8,11,12,13]. However, few scholars focus on the impact of the pandemic on log prices. China has limited domestic lumber resources with clearly not enough to supply domestic demand. Filling this wood gap depends on imports. Furthermore, owing to the irregular and uneven shape of lumber, and the heavy weight, the transportation is costly. Consequently, China’s wood pricing is highly dependent on the exchange rate and transportation costs [14,15,16,17]. In addition, the wood industry’s profit is typically low with a simple value chain [18], and most wood companies are small or medium-sized enterprises [19,20]. Therefore, volatility in wood prices caused by the pandemic influences the cost of manufacture and is a major concern for the wood industry [21]. By the end of March 2020, only 10.9% of wood companies maintained a relatively stable production, while others were all facing operational difficulties or even bankruptcy [22]. In this case, it is particularly important to restore log price stability as soon as possible, which is why we want to clarify the relationship between the pandemic and log prices. Another issue is that the pandemic has had a period of rapid deterioration (hereinafter referred to as the “early phase”) and a stable recovery period (hereinafter referred to as the “late phase”), and there has also been a second outbreak in June. At different stages of the pandemic, there are differences regarding the public’s mood, psychology, social and economic conditions, and so on. Thus, the importance to make sure how the COVID-19 pandemic affects log prices differently and what the best response mechanism is between the different phases.



This paper uses a time-varying parameter autoregressive (TVP-VAR) model to study the interaction between the COVID-19 pandemic and log prices based on daily frequency data. It allows us to judge the impact of the pandemic on log prices in different periods, and then provide a basis for industrial adjustment. The rest of the paper presents the hypothesis (Section 2), methodology and data (Section 3), the empirical findings (Section 4), and the discussion (Section 5). Finally, we conclude.




2. Hypothesis


Decomposing the total effects of one variable on another into direct and indirect effects has long been of interest to researchers [23]. In terms of direct impacts, COVID-19 influences the wood supply and demand market, leading to changes in log prices. Regarding indirect effects, the pandemic affects log prices by affecting oil prices and exchange rates.



In terms of price composition, the delivery cost of log is high. For instance, the transportation cost of lumber accounts for nearly 25% of the delivery price of low-value lumber [24]. Furthermore, China’s demand gap for lumber in 2020 may reach 200 million cubic meters. Nearly 50% of wood comes from imports, and most international wood trade is priced in US dollars. Therefore, the price of log is indirectly affected by oil prices and the exchange rate. Accordingly, we propose the following research hypotheses.



Hypothesis 1 (H1).

If only considering oil prices, the COVID-19 pandemic would impact log prices first decreasingly and then increasingly.





Transportation is vital in the wood supply chain [24], and the price of crude oil is one of the essential factors affecting transportation costs. According to the price structure, transportation cost is a crucial factor affecting log prices. In the early phase, as part of social distancing policies, the Chinese Government encouraged people to stay at home, discouraged mass gatherings, canceled or postponed significant public events, and closed schools, universities, libraries, cinemas, and factories. Accordingly, oil demand decreased, a large number of petrochemical enterprises suspended production, and oil prices would fall. The cost of marine fuel oil used to transport log would fall. Moreover, the delivery price would also decrease. Log prices may go down as a result [25]. Since March, the pandemic has been basically under control. China safely reopened its production, and oil demand gradually resumed, which may cause oil prices to recover. Moreover, expenditure costs such as personnel salaries and virus prevention materials increased transportation costs [24,26,27]. Again, we expect these increases will be reflected in an increase in log prices. Therefore, changes in oil prices caused by the pandemic are expected to affect changes in log prices in a similar direction.



Hypothesis 2 (H2).

The COVID-19 pandemic would have an ascending impact on log prices by affecting exchange rates, but the degree of impact would vary with time.





Due to the exchange rate pass-through (ERPT) effect, log prices response in correlation with changes in the exchange rate [28]. According to the global provider of secure financial messaging services (SWIFT), although the influence of some kinds of currency such as Euro is increasing, the US’s share as a global currency in trade finance market is still really high, with 87.06%. The US dollar works as the settlement currency of most international trade, and imported lumber is no exception. Therefore, we pay attention to the renminbi/dollar exchange rate. At the beginning, the economic growth and market investment confidence was hit since the public is in panic and frustration [29,30]. According to the theory of Balance of International Payments (BOP), short-term capital flows out, there is a decrease in foreign exchange reserves, and then the RMB depreciates, leading, at last, to local price increases. Therefore, in the early phase, the pandemic caused the depreciation of the RMB and then log prices would increase. When the spread of novel coronavirus slowed down across China, domestic investment confidence would rebound, and short-term capital would flow in, and the RMB depreciation would come under control [31,32]. The impact of the pandemic on the devaluation of the RMB would decrease, and the impact on log prices would be also reduced.



We can analyze not only from the indirect effects but also direct impacts from the perspective of market supply and demand. According to the Equilibrium Theory, in the absence of an external shock, the wood market tends to be in equilibrium under the dual effects of supply and demand [33,34]. In the event of an external shock, such as the occurrence of emergencies just like COVID-19, downstream manufacturers would adjust their decision-making behaviors based on the information they have and change consumption plans such as log purchases, so as to shift the demand curve and affect log prices. Additionally, external shocks may also affect the production plans of upstream manufacturers and the stability of transportation. It may also change the supply of log in the market, which would shift the supply curve and affect log prices [3,35,36].



Hypothesis 3 (H3).

The COVID-19 pandemic would firstly cause log prices to descend sharply, and as the pandemic eases, it would cause log prices to ascend.





The impact of COVID-19 on log prices varies with time. The pandemic reduced total consumption, which in turn affects the market demand for most wood furniture, wood flooring, some paper products, and construction. This would cause wood processing, wood furniture, and paper manufacturers to respond accordingly to avoid inventory backlogs and reduce forest product production. Therefore, the demand for wood materials would decrease, and the demand curve would shift to the left. Log prices may decrease as a result. In contrast, the pandemic also would have an impact on international trade, and the obstruction of international trade influences the supply of China’s wood market. That is, the supply curve would also shift to the left, and log prices may rise. The two forces are in contradiction, and the final change in the price of log would depend on the side with the dominant force. Nevertheless, as time went by, the situation would become different, and the strengths of the two would be also different. In the early phase, according to Trade Data Monitor database, China’s major wood products exports plummeted by 65.7% in February 2020. The demand market was more affected by the pandemic than the supply market, and log prices would fall. Before the resumption of economic activity, the national panic eased, but because factories did not quickly reopen, there was little willingness to trade log. Thus, early changes in the pandemic had less impact on log prices. As new cases of COVID-19 were on a downward trend in China, the factory gradually resumed production, and the domestic consumption of forest products increased. However, according to Trade Data Monitor, due to the deterioration of the world pandemic situation, China’s wood imports have been severely blocked with a descend more than 22.78% in the first half of 2020, especially log decreased by 28.75%. The impact on the supply market would become increasingly prominent. Consequently, log prices may recover or even rise.




3. Methodology and Data


3.1. Methodology


The time-varying parameter autoregressive (TVP-VAR) model can just achieve the goal of this research. Social policies and economic environments change rapidly during the COVID-19, and the relationship between the COVID-19 and log prices is obviously varying as time goes on. The results of ordinary fixed parameter models are unstable. In contrast, the TVP-VAR model can capture the relationship and characteristics of variables in different contexts [37], and incorporate structural changes in emergencies into the model through time-varying parameters. Moreover, the TVP-VAR model does not have the same variance assumption [38], which is more in line with the actual situation. The research results could be, therefore, more realistic.



The basic vector autoregressive (VAR) model is as follows:


  A  y t  =  M 1   y  t − 1   + … +  M s   y  t − s   +  μ t  , t = s + 1 , … , n .  



(1)







This paper involves a total of 4 variables, namely, the COVID-19, international oil prices, exchange rate, and Chinese log prices. Therefore,      y t    is a 4 × 1 vector,   A ,  M 1  , … , M s   is a 4 × 4 matrix of coefficients, and    μ t    is a structural impact, which is also a 4 × 1 vector. The above formula can be rewritten as the following form:


   y t  =  B 1   y  t − 1   + … +  B s   y  t − s   +  A  − 1   Σ  ε t  ,  ε t  ~ N  (  0 ,  I 4   )  .  



(2)







Among them,    B i  =  A  − 1    M i  ,   i = 1 , 2 , … , s  . And have   Σ =  [      σ 1    0   0   0     0    σ 2    0   0     0   0    σ 3    0     0   0   0    σ 4      ]   .



It can be rewritten as


   y t  =  X t  β +  A  − 1   Σ  ε t  ,  X t  =  I 4  ⊗ (  y  t − 1  ′  , … ,  y  t − s  ′  ) .  



(3)







Among them,  ⊗  means Kronecker product.



Furthermore, taking into account the time changes of the parameters, we obtain the time-varying parameter vector autoregressive (TVP-VAR) model [39], which breaks the assumption that the estimated coefficients of the traditional VAR model are constant, and can analyze the nonlinear relationship between variables more accurately. The model form is as follows:


   y t  =  X t  β +  A  − 1   Σ  ε t  ,  X t  =  I 4  ⊗ (  y  t − 1  ′  , … ,  y  t − s  ′  ) .  



(4)







In the formula, the coefficient    β t   , parameter    A t   , and matrix    Σ t    all change with time. Let    α t    denote the stacked vector of lower triangular elements in matrix    A t   , and let H be the logarithmic random volatility matrix. Suppose    h  j t   = l n  σ  j t  2   , and for all   j = 1 , … , 5 ,   t = s + 1 , … , n  , the parameters of the TVP-VAR model obey random walks. Suppose they are first-order random walk processes, which is


   {       β  t + 1   =  β t  +  μ  β t          α  t + 1   =  α t  +  μ  α t          h  t + 1   =  h t  +  μ  h t          











Assume that    ε t   ,    μ  β t    ,    μ  α t    ,    μ  h t     obey:


    [       ε t         μ  β t          μ  α t          μ  h t        ]  ~ N  (  0 , V  )    ,   thereinto ,   V =  [       I k     0   0   0     0     Σ β     0   0     0   0     Σ α     0     0   0   0     Σ h       ]  ,   








where    β  s + t   ~ N  (   μ  β 0   ,  Σ  β 0    )   ,    α  s + t   ~ N  (   μ  α 0   ,  Σ  α 0    )   ,    α  s + t   ~ N  (   μ  h 0   ,  Σ  h 0    )   . Assume that the impacts of time-varying parameters are uncorrelated, and that    Σ  β 0    ,    Σ  α 0    ,    Σ  h 0     are all diagonal matrices. The estimation of the model in this paper is done by the Markov Chain Monte Carlo (MCMC) method [38].




3.2. Data


The phase of the pandemic can be judged based on changes in the number of confirmed COVID-19 cases. Although the data may be affected by political and standard rules and may bring some errors, the number of newly confirmed COVID-19 cases can be verified by the cumulative number of cases and the number of newly confirmed cases in various provinces (regions). Thus, the data is relatively reliable. Therefore, this paper selected the number of newly confirmed COVID-19 cases on the Chinese mainland during the first half of 2020 to represent the COVID-19 pandemic (CO). The data were retrieved from the “Daily Epidemic Bulletin” of the Publicity Department of the National Health Commission of the People’s Republic of China.



Transportation cost is an essential factor affecting log prices, because wood raw materials are bulky and relatively fixed in shape [25], and the main transportation way to import log is by sea in China [40]. A potential increase in oil prices could increase transport costs two-to-eight-fold [41,42]. Some fixed costs also play an important role in transport costs, while in this paper, we only considered about the first half of 2020 and used daily data. The period is short, so, these costs do not change seriously. Therefore, oil price contributes a significant part to transportation cost [43] in this period. Moreover, a rise in oil price gets translated into higher prices for consumption goods, because of consequential rise in their transportation costs [25]. This article chose the Brent daily price as a proxy variable for international crude oil prices (BR). The data were retrieved from the US Energy Information Administration (EIA).



In the foreign exchange market, international investors expect a certain exchange rate appreciation or depreciation by observing the nominal exchange rate of the country’s currency. Therefore, this paper selected the exchange rate of RMB against the US dollar using the direct pricing method as the proxy variable of the exchange rate (EX) [44]. The data came from the website of the People’s Bank of China.



The wood supply chain is a complex network consisting of log supply, log processing, raw material procurement, product manufacturing, product distribution and retail, and end users. Log is the foundation of the supply chain. Logs are the raw materials for most forest products [45]. Therefore, the prices of log and finished products are not exactly the same, but the trend of log prices may affect the price change of wood products [46]. Moreover, log prices are very important for public land managers, woodland investors, and lumber companies [46,47], and it may be the most direct way to monitor the wood markets [47]. Lots of researchers are interested in it [48,49]. Thus, this paper also took the log prices as the research object. We selected the log index of China’s wood price index as the proxy variable of China’s log price (WO). The log index of China’s wood Price Index is one of the 12 crucial commodity and service price indexes compiled and released by the National Development and Reform Commission. In order to get these indexes, investigators go to the sites in different markets every day to register and verify the sales volume and sales price of products. Then, the sum of the total sales volume of one product is used as the sales volume of this product. The price of the commodity selects the transaction price of the product with the largest sales volume ratio. Last but not least, staff use the Weight Harmonic Average (WHA) to calculate the log index of China’s wood Price Index, and so on. The data were between 1 January and 30 June, 2020, and came from the Wind database and China’s Wood Price Index website.



In addition, this paper used multiple imputation methods to impute and fill missing values in the data to ensure the validity and accuracy of the results. Since the data used in this paper was daily data from 1 January to 30 June 2020, which had a short time, seasonality and periodicity can be ignored. Therefore, there was nospecial treatment.





4. Empirical Results and Discussions


4.1. Unit Root Test


The data used in this article were time series, and the stationarity of the data was one of the prerequisites for regression accuracy. We tested the stationarity properties of our series using the augmented Dickey–Fuller (ADF) test where the alternative hypothesis was stationary. According to Schwert [50], the maximum lag order was 13. The ADF test revealed, as mentioned in Table 1, non-stationarity in original sequence where the null hypothesis of the existence of a unit root could not be rejected for any series at original level. The original sequences of four variables were non-stationarity. However, the return series showed stationarity at 10% significance level, implying that they were integrated of order 1. It illustrates that the four series of the COVID-19, international oil prices, exchange rate, and China’s log prices were all the I (1) process, which met the data requirements of the TVP-VAR model.




4.2. Estimation Results by MCMC


According to Lütkepohl [51], the HQIC provided a consistent estimate of the correct lag order, and the lag order used for this research was set to 3. Before using the Markov Chain Monte Carlo (MCMC) method to simulate, we needed to set the initial values of the parameters in advance. This paper referred to the method of Nakajima et al. [38] to set the initial values:    μ   β 0    =  μ   α 0    =  μ   h 0    = 0  ,    Σ   β 0    =  Σ   α 0    = 10 I  ,    Σ   h 0    = 100 I  ,     (  Σ β  )  t  − 2   ~ γ  (  40 , 0.02  )   ,     (  Σ α  )  t  − 2   ~ γ  (  4 , 0.02  )   ,     (  Σ h  )  t  − 2   ~ γ  (  4 , 0.02  )   . This paper used OxMetrics to execute the MCMC algorithm for 10,000 samplings and discards the first 1000 samplings, thereby obtaining valid samples for model posterior estimation. The parameter estimates of the TVP-VAR model can change over time. The first line of Figure 1 shows the autocorrelation function of the sample. In the displayed 500 samples, the autocorrelation of the sample decreased steadily. The second line shows the sample value path. We found that each variable’s sample value fluctuated around the mean, which was not entirely random. The third line shows the density function of the posterior distribution. In general, Figure 1 shows that after discarding the samples in the burn-in period, the degree of the autocorrelation of variables decreased, indicating that the sample value method could effectively generate uncorrelated samples and ensure the accuracy of the simulation results.



Table 2 shows the posterior distribution mean, standard deviation, 95% confidence interval, CD convergence diagnostic value, and invalid factor. The probability of Geweke diagnostic value was greater than 5%, indicating that at the 95% significance level, the null hypothesis of parameter convergence posterior distribution could not be rejected, indicating that the pre-burning period was sufficient to make the Markov chain tend to be concentrated; the invalid factors were all lower than 100, it indicates that the model had generated enough uncorrelated samples for the parameters, and the model estimation was effective.




4.3. Time-Varying Impulse Analysis of Equal Interval


The estimation results of the TVP-VAR model have time-varying characteristics. Its impulse response function includes two types: impulse analysis of equal interval (also called impulse analysis of different time horizons) and impulse analysis of different points, which can simulate the time-varying relationship between variables from the perspective of the time change. The impulse analysis of equal interval shows the response of the dependent variable at different time points in the same lag period after the shock of one-unit standard deviation is generated for the independent variable at all time points, and then compares and analyzes the difference of the influence of dependent variable at different time points. Since this study is based on daily data, Figure 2, Figure 3 and Figure 4 the impulse response of equal interval for a one-day horizon, a one-week horizon, and a two-week horizon. That is 1 day, 7 days, and 14 days described by solid lines, long dashed lines, and short dashed lines, respectively. These three lines correspond to the dependent variable’s impulse response after the short-term, mid-term, and long-term, respectively. As shown in the figures below, the three different lag periods’ impulse responses have some differences in the magnitude and direction. As the number of lag periods increases, the impulse response gradually weakens.



Figure 2a shows that the impulse response of international oil prices to the COVID-19 pandemic was relatively small, mainly between −1 and 1. After reaching the maximum, the response decreased to the minimum in June and then increased again. This result means that although the pandemic was not the main reason for changes in oil prices, at the beginning of 2020, nearly all parts of China imposed social distancing policies to combat the spread of the virus. These policies reduced the number of vehicles traveling and the demand for fuel oil. Meanwhile, a large number of petrochemical companies halted work and production, which further reduced the need for crude oil, leading to a drop in international oil prices. Since March, the pandemic was brought under control. People gradually got back to work, and the demand for crude oil increased, resulting in a recovery in oil prices. With the control measures of the pandemic, the impulse response gradually converged, and the speed of convergence was the same as the rate of change in the number of newly diagnosed COVID-19. It indicates if the pandemic is controlled, the oil industry can resume production. In June, the imported salmon in Beijing Xinfadi Market caused hundreds of infections. Uncertainty in China suddenly increased, and the impulse response of oil prices fluctuated again. Comparing the impulse response in June with that at the beginning of 2020, the impulse responses of crude oil prices were both around −1.5, but obviously, the impulse response in June converges faster. It illustrates that both of outbreaks influenced the crude oil industry, and under more effective government measures, outbreaks were more quickly brought under control. The impulse analysis results of the lagging period in 1, 7, and 14 days of the log prices in Figure 2b shows that the impact of international oil price on log price was descending in the short-term, while it tended to be zero in the mid-term and long-term. It suggests that the rise in international oil prices in the first half of 2020 would not significantly increase log prices in the short term. Considering the two effects, the impact of the COVID-19 pandemic on log prices through international oil price was ascending first, then descending, and finally ascending again in June.



Figure 3a shows a similar trend among the short-term, mid-term, and long-term lagging responses of the exchange rate to the COVID-19. They all showed ascending values since the first outbreak, and then quickly fell back to fluctuations around zero, and suddenly reached the maximum again in June and then fell back. This result suggests that at the beginning of 2020, the increase in the number of people diagnosed with COVID-19 in mainland China promoted the exchange rate’s growth, which means the occurrence of the pandemic caused the devaluation of the RMB. However, with the implementation of a series of policies to control the disease, the impact of the pandemic on society was gradually reduced and similarly, the impact of the pandemic on the exchange rate decreased. In May and June, the sudden increase in the uncertainty of the COVID-19 once again caused the RMB to depreciate sharply, and the exchange rate even reached 7.16 at one time. Figure 3b shows the dynamic transmission effect of the exchange rate on log prices. In the short-term, log prices were obviously affected by the exchange rate and were stable at a positive value. While the mid-term and long-term impulse responses were also the same, but the value gradually declined as the number of lag periods increased. Specifically, the lag one day’s dynamic impulse response shows that the increase in the exchange rate had an ascending impact on the growth of log prices and was relatively stable, with little fluctuation over time. It fell in around May and June, and then reached a new positive level. The peak values of impulse responses to exchange rates were similar in the two COVID-19 outbreaks. The impulse responses of the exchange rate were all around 2 in both January and June, which shows that the two COVID-19 pandemics had a great impact on the exchange rate and had a significant effect on international trade. From the superposition of the two effects, although the response intensity varies in time, the impact of the COVID-19 pandemic on log prices through the impact of the RMB exchange rate was mainly ascending, consistent with Hypothesis 2. Therefore, the exchange rate was one of the ways that COVID-19 affects log prices.



Figure 4 shows the final dynamic relationship between the COVID-19 pandemic and China’s log prices. Initially, the impulse response of the growth rate of log prices to the changes in the number of people diagnosed with COVID-19 in mainland China was descending. The impulse response fluctuated around zero from the end of January to mid-March. The trough appeared at the end of March and the beginning of April and then began to rise. Since the beginning of May, it turned out to be a positive value. Furthermore, the final degree of ascending influence continued to increase in fluctuations. This result shows that initially, the impulse response of the growth rate of log prices to the changes in the number of people diagnosed with COVID-19 in mainland China was descending. The impulse response fluctuated around zero from the end of January to mid-March. The trough appeared at the end of March and the beginning of April and then began to rise. Since the beginning of May, it turned out to be a positive value. Moreover, the final degree of ascending influence continued to increase in fluctuations. This result shows that in the early phase, the number of COVID-19 confirmed cases in China would curb the growth of log prices. At that time, because of the Spring Festival, the demand for log decreased, and the price of log decreased slightly. In order to contain the spread in Wuhan, authorities imposed unprecedented restrictions on travel and ordered the closure of most businesses in the bustling metropolis and gradually stopped production around the whole country. The demand for log materials dropped sharply and evenly to zero. Thus, the price of log further decreased. Therefore, at the beginning of the first outbreak, as the pandemic worsened, the number of confirmed COVID-19 cases in mainland China increased, and log prices declined. Since it was the long holiday from the end of January to March, enterprises did not yet reopen, and there were few transactions in the wood market. Wood companies had some log stocks to produce. Therefore, the overall impact of the COVID-19 on log prices was relatively small at the beginning of 2020. In April, China’s wood processing plants gradually got back to work. However, since the COVID-19 pandemic had not been entirely over, market consumption capacity did not yet recover, and the demand was insufficient, thus log prices fell again. In May and June, due to the Suifenhe incident and the Xinfadi incident, the COVID-19 pandemic repeated, and uncertainty increased again. The simulation results show that the response of log prices did not show a trend of convergence, but turned to a positive value. It is because, since May, incidents such as overseas imports from Suifenhe and the Xinfadi Market occurred, and the COVID-19 repeated. In addition, the peak of the impulse response to log prices during the second outbreak was much more significant than during the first. The impulse response of log prices was −2.5 in January, and it reached 10 in June. It shows that the pandemic hindered upstream lumber logging, meanwhile, the consumption of downstream lumber industries such as real estate, construction, and wooden furniture has not yet recovered.



Ensuring the balance of supply and demand in the market is essential to maintain the stability of log prices. In the early phase, the pandemic caused a decline in log prices since it suppressed consumption. Meanwhile, its ascending impact on oil prices and the exchange rate and descending impact on supply caused log prices to rise. In the later period, the price of log rose due to the ascending impact of the pandemic on the exchange rate and consumption, and the descending impact on the supply, meanwhile, the price of log fell due to the ascending impact of the pandemic on the international oil prices. In conclusion, the overall results show that log prices presented an impulse response from descending to ascending to the pandemic shock. Therefore, in the early phase, demand was the main factor that affected the impact of the pandemic on log prices. In the late phase, affecting supply, demand, and the exchange rate was the dominant way to influence the impact of the pandemic on log prices.




4.4. Impulse Analysis of Different Phases


Based on the above analysis, the impact of COVID-19 on log price has obvious time-varying characteristics, which may be due to differences in the people’s expectation on the outcome of the pandemic in different time points. Therefore, this chapter uses impulse response of different points to analyze the differences in the relationship among COVID-19, international crude oil price, exchange rate, and log prices under different backgrounds. The comparison time points are 16 January, 17 February, and 30 May 2020, as in different stages of the COVID-19 pandemic (Figure 5).



Figure 5 shows that 16 January 2020 was the initial outbreak period of the pandemic. On 17 February, the number of confirmed cases of COVID-19 in mainland China reached 58,016, which was a turning point in the development of the pandemic in China. On 30 May, the pandemic was stable, but there were still some dangers, such as imported cases from abroad.



The responses of international oil prices to the COVID-19 pandemic shock at three different points were not wholly consistent. All were first reduced to the smallest negative value and then tended towards zero in the fluctuation, but the fluctuation ranges of the three were different. It can be seen in Figure 6a that the absolute value of the impulse response on 17 February 2020, was small, and the impulse response on 16 January and 30 May was massive. It might be because, on 17 February 2020, Wuhan was implementing the travel ban, many provinces and cities in China successively were also implementing social distancing policies to cope with the development of the pandemic. Since the opportunity of trade was low, the impulse response of international oil prices to the pandemic was relatively small. At the same time, the impulse responses of log prices to the oil prices shock at three different time points were consistent, and the response value fluctuated between −10 and 10 and then converges to zero. Therefore, the relationships between the pandemic and oil prices, and between international oil prices and log prices were relatively stable, and the research results were robust.



Figure 7a shows that shocks were imposed on COVID-19 at different three points. The changing trends of the impulse response function of the exchange rate to COVID-19 pandemic on 16 January and 30 May were basically similar, and both increased to the maximum value and then gradually decreased. While the exchange rate on 17 February was less affected by the COVID-19 shock. The reason may be that on 16 January, the pandemic was an emergency, with considerable uncertainty and lack of confidence in China’s market, so the exchange rate’s impulse response decreased in fluctuations. Due to the sudden increase in imported coronavirus cases from abroad on 30 May, the uncertainty also increased, which once again affected the exchange rate. On 17 February, the current number of confirmed cases of coronavirus reached the turning point, suggesting the situation was brought under control, and market confidence was then restored. Thus, at that time, the pandemic did not cause significant changes to the exchange rate. The impulse responses of log prices to the exchange rate at three different time points were consistent (Figure 7b), and the relationship between the two was relatively stable. Log prices only responded to the exchange rate from the second period, and the response was steadily approaching zero. Therefore, the relationships between the pandemic and the exchange rate and the exchange rate and log prices were relatively stable, and the research results were robust.



There were differences in the magnitude of the response of log prices to the new confirmed cases of COVID-19 shock at three different points because the three points were at different stages of the pandemic and faced different social conditions (Figure 8). On 16 January 2020, the early stage of the pandemic, the response of log prices to the pandemic was unstable. It was because everyone did not know enough about this disease at that time, so the impact was continually fluctuating. On 17 February 2020, the day of the turning point of the number of confirmed cases of COVID-19, the pandemic had little impact on the changes in market confidence since the pandemic got under control. Therefore, the pandemic also had little influence on consumers’ and suppliers’ decision-making, and the impulse response of log prices to the pandemic tended to be zero. On 30 May, log prices were more sensitive to the pandemic, and except for the fourth period, the impulse response gradually weakened from a positive value to zero in the fluctuation.





5. Discussion


The impact of the COVID-19 on crude oil prices is basically synchronized with the trend of the pandemic. In the wake of the coronavirus outbreak, the pandemic’s emergence led to a drop in international oil prices. After March, the impact of the pandemic had an ascending effect on crude oil prices. The pandemic in June briefly caused a drop in international oil prices, and then quickly recovered. The impact of the pandemic on log prices through oil prices was reduced, while our result is not entirely consistent with the findings of studies that Albulescu [2], Bakas and Triantafyllou [3], and Baumeister and Peersman [52] found who claim that some pandemic diseases were decreasingly correlated with international oil prices. It is because these articles did not consider the time-varying relationship between variables. We found that when the second outbreak was under control in the late June, the impulse response converged rapidly, which was significantly faster than the convergence rate of the impulse response at the beginning of the year. It shows that the response policy of the pandemic in June was more conducive to the resumption of work in the crude oil industry. We also found that the impulse response of log prices to international oil prices was always descending. That is, the ascending impact of oil prices would not lead to an increase in log prices. It is inconsistent with Hypothesis 1. It might be because, after the first outbreak, a large number of oil refineries and petrochemical companies suspended production. Although the international crude oil prices fell sharply, the crude oil could not be refined and processed in time. The changes in international crude oil prices could not be immediately mapped to fuel oil prices and transportation costs, which led to a hysteresis. Furthermore, international crude oil prices affected log prices by changing transportation costs. Influenced by the pandemic, shipping voyages decreased, while transportation time and capital cost increased. International oil prices might no longer be the main reason affecting transportation costs. Therefore, oil prices fell due to the impact of the COVID-19 in the early phase, but the price of log rose. In the late phase, oil prices re-covered somewhat, but the pandemic caused a decline in log prices through international oil prices. In June, it became shortly ascending. It illustrates that control measures are more effective in June compared with the beginning of the outbreak.



The impact of the pandemic on the exchange rate is also similar to the trend of the pandemic. In the early phase of 2020, first of all, the sudden outbreak of COVID-19 caused emotional fluctuations in the market. If the pandemic could not be adequately controlled, it might affect the development of China’s economy. Insufficient confidence in the Chinese market contributed to the outflowing of foreign exchange, which then led to currency depreciation. While China’s wood consumption was more dependent on imports, the above process might increase the price of log in RMB. Second, COVID-19 is a public health emergency of international concern, which caused losses to China’s export trade and reduced foreign exchange inflows. It might cause the RMB’s devaluation, which in turn would increase the price of log RMB. In addition, the RMB is an emerging market currency. When global risk aversion is on the rise, international investors may consider selling Chinese assets, which may cause capital outflows. RMB’s devaluation pressure would increase, which may eventually increase the price in RMB of log. As time goes by, the pandemic in China was gradually brought under control due to the decisive government intervention, China’s economy and financial markets gradually recovered, and the market confidence was boosted again. At the same time, international pandemic prevention and control measures were not strict, resulting in a problematic global pandemic situation. Although China’s economy recovered, international economic growth stalled. In the end, compared with China and other countries, the impact of the pandemic on the exchange rate gradually weakened, and the impact of the pandemic on the increase in log prices through the exchange rate also weakened. With the control of the pandemic at the beginning of 2020, the impulse response converged, and the speed was consistent with the changes in the pandemic. It shows that as long as the pandemic is under control, the exchange rate has a chance to recover. However, in May and June, due to the Suifenhe incident and the “salmon incident” in the Beijing Xinfadi Market caused by cases of overseas imports, the number of newly diagnosed patients increased, and market uncertainty suddenly increased. Then, the second COVID-19 outbreak appeared. The ascending impulse response of the pandemic on the exchange rate suddenly increased, and the impact on log prices also increased again. After the control measures of the second outbreak was issued, the impulse response quickly converged, which was similar to the decrease in the number of newly diagnosed cases of COVID-19. It also demonstrates that the control measures of the outbreaks are conducive to the stability of the exchange rate.



The impact of the pandemic on log prices is not entirely consistent with the trend of the pandemic. During the first coronavirus outbreak, taking all the factors into consideration, the pandemic reduced the price of log. From January to March, the pandemic had little effect on domestic log prices and caused a decline in log prices in March and April. In May, the impact of the pandemic caused log prices to rise. Compared with the first quarter in 2020, the current number of confirmed cases increased at a slower rate in May and June. Residents’ ability to consume wooden furniture and paper products went up, and domestic demand for wood raw materials also rose. After China completely stopped commercial logging of natural forests in 2017, China’s commercial wood output decreased by about 40 million cubic meters each year, making it challenging to meet China’s market demand. Imported lumber was used to make up for the shortage of raw materials from then on. Due to the deterioration of the world pandemic, the industrial chains in some major wood supply counties such as the USA and Canada were interrupted. Meanwhile, the pressure of imported cases from abroad continued to increase, and shipping companies reduced their schedules, which brought significant obstacles to the international trade of wood raw materials. Therefore, in May and June, the impact of the pandemic on log prices increased rapidly, and we could not see a trend of convergence until 30 June. As market regulation requires response time, although the pandemic is effectively controlled in China, the impact of the pandemic on log prices is still getting stronger. It shows that COVID-19 has a long-term impact on the wood industry. In addition, since China’s wood industry aims to export-led growth and the economy of the world is sluggish, the resumption of production of China’s wood industry is not smooth. Therefore, it is necessary to promote the development of the domestic wood market and realize the “dual circulation” of China’s wood industry. The “Dual circulation” strategy was first mentioned in May 2020. The strategy aims to gradually form a new development model in which domestic circulation plays a dominant role meanwhile pay attention to external circulation (export-oriented development). “Dual circulation” in the wood industry means to take China’s wood market as the mainstay while making both internal and external wood markets promote each other.




6. Conclusions


In order to compare the impact of the COVID-19 pandemic on log prices in different periods and explore the speed of log prices recovery under different control measures, this paper uses the TVP-VAR model to conduct an empirical study on the dynamic transmission effect of the coronavirus pandemic on log prices. The results show that COVID-19, directly and indirectly, affected log prices. First, the pandemic indirectly affected log prices by changing international oil prices and the exchange rate. We found that the impact of the pandemic on oil prices and exchange rates is synchronized with changes in the severity of COVID-19 and is predominantly in the short-term. As the pandemic eased, the impact of the pandemic on crude oil prices and the exchange rate reduced. However, as for log prices, after the pandemic eased in June, the impact of the pandemic on log prices did not diminish while remaining increasing. Third, comparing the impulse response of crude oil prices and the exchange rate in the first and second outbreaks, they had the same response direction and similar magnitude, but the impulse response in June converges faster. Thus, control measures in June are more effective comparing with the beginning of 2020. The peak value of the impulse response of log prices to the second outbreak was greater than the first. It shows that the COVID-19 pandemic has a long-term influence on the wood industry in China, and the resumption of business in China’s wood industry is not smooth. Therefore, it is necessary to solve the imbalance between supply and demand as soon as possible. Last but not least, in the early stage, the demand market was dominant in the process of the pandemic’s impact on log prices. In the late phase, the pandemic mainly changed the log prices by affecting supply, demand, and the exchange rate. Therefore, ensuring the balance of supply and demand in the market is an essential means to maintain the stability of log prices at this moment. As a result, the process of COVID-19 impacting log prices during the first half of 2020 provides evidence-based strategies that could be used as a reference if the pandemic becomes a “new normal”. Moreover, these could also be some general lessons that other countries might learn from existing evidence in terms of the safe development of the wood industry.



Based on the above research conclusions and the status quo of China’s wood industry, this paper proposes implications for China’s wood industry:



First, learn from the partial quarantine policy in June. We find that control measures were more effective in June compared with the beginning of 2020. Thus, if the pandemic becomes a “new normal”, we should refer to the prevention and control measures taken in June and formulate new response strategies. Second, speed up the plantation cultivation and increase domestic lumber supply. As an emergency, the COVID-19 pandemic blocked lumber import channels causing insufficient log supply, which acts as the main reason for unstable log prices. As the raw material for the wood products industry, rising log prices seriously affect the production cost of products and ultimately cause more significant losses to the wood industry. The authorities should introduce reasonable industrial policies to take advantage of the current rising log prices to strengthen forest farmers’ enthusiasm for growing lumber. The Chinese government should coordinate the cultivation and production of domestic lumber raw materials, gradually increase wood supply to meet domestic wood demand, thereby decreasing the industry’s dependence on external wood materials, and reducing the fluctuations in China’s wood prices caused by uncertain factors in the international trade. The leadership should promote a “dual circulation” development pattern centered on the domestic economy, and aimed at integrating the domestic and international economies to fundamentally realize China’s wood safety.
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Figure 1. Estimation results of the time-varying parameter (TVP) regression model for the simulated data. 
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Figure 2. Impulse responses for the set COVID-19, international oil prices, and log prices. Note: The abscissa refers to the date in the first half of 2020, and the ordinate indicates the impulse response values after the shock of one-unit standard deviation. The figure shows the impulse response of oil prices to the pandemic (a) and the impulse response of log prices to oil prices (b). 
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Figure 3. Impulse responses for the set COVID-19, exchange rate, and log prices. Note: The abscissa refers to the date in the first half of 2020, and the ordinate indicates the impulse response values after the shock of one-unit standard deviation. The figure shows the impulse response of exchange rate to the pandemic (a) and the impulse response of log prices to exchange rate (b). 
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Figure 4. Impulse responses for the set COVID-19 and log prices. Note: The abscissa refers to the date in the first half of 2020, and the ordinate indicates the impulse response values after the shock of one-unit standard deviation. 
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Figure 5. Trends of COVID-19 in China from January to June 2020. Data source: National Health Commission of the People’s Republic of China. 
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Figure 6. Impulse responses at different points for the set COVID-19, oil prices, and log prices. Note: The abscissa refers to the number of lag periods of the impact, and the ordinate indicates the impulse response values after the shock of one-unit standard deviation. The figure shows the impulse response of oil prices to the pandemic (a) and the impulse response of log prices to oil prices (b) at different points. 
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Figure 7. Impulse responses at different points for the set COVID-19, exchange rate, and log prices. Note: The abscissa refers to the number of lag periods of the impact, and the ordinate indicates the impulse response values after the shock of one-unit standard deviation. The figure shows the impulse response of exchange rate to the pandemic (a) and the impulse response of log prices to exchange rate (b) at different points. 
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Figure 8. Impulse responses at different points for the set COVID-19 and log prices. Note: The abscissa refers to the number of lag periods of the impact, and the ordinate indicates the impulse response values after the shock of one-unit standard deviation. 






Figure 8. Impulse responses at different points for the set COVID-19 and log prices. Note: The abscissa refers to the number of lag periods of the impact, and the ordinate indicates the impulse response values after the shock of one-unit standard deviation.



[image: Forests 12 00449 g008]







[image: Table] 





Table 1. Augmented Dickey–Fuller test.
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Variables

	
Without Constant & Drift

	
With Drift

	
With Constant & Drift

	
Conclusions






	
Original Level

	
CO

	
−1.681 *

	
−2.112 **

	
−3.128

	
non-stationarity




	
BR

	
−1.099

	
−1.584 *

	
−0.789

	
non-stationarity




	
EX

	
1.053

	
−1.900 **

	
−2.313

	
non-stationarity




	
WO

	
−0.125

	
−2.905 ***

	
−3.057

	
non-stationarity




	
First-order Difference

	
co

	
−3.175 ***

	
−3.165 ***

	
−3.221 *

	
stationary




	
br

	
−3.259 ***

	
−3.296 ***

	
−3.701 **

	
stationary




	
ex

	
−3.927 ***

	
−4.096 ***

	
−4.232 ***

	
stationary




	
wo

	
−3.902 ***

	
−3.870 ***

	
3.862 **

	
stationary








Note: standard error values are in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 2. Estimation results of selected parameters in the time-varying parameter autoregressive (TVP-VAR) model.
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	Parameter.
	Mean
	Stdev.
	95% Percent Interterval
	CD
	Inefficiency





	    S  β 1     
	0.0229
	0.0026
	(0.0185, 0.0287)
	0.465
	10.14



	    S  β 2     
	0.0226
	0.0026
	(0.0181, 0.0282)
	0.452
	6.17



	    S  α 1     
	0.0564
	0.0173
	(0.0345, 0.0961)
	0.540
	29.22



	    S  α 2     
	0.0701
	0.0327
	(0.0345, 0.1552)
	0.223
	39.31



	    S  h 1     
	0.9326
	0.1340
	(0.6995, 1.2247)
	0.611
	26.12



	    S  h 2     
	0.7727
	0.1209
	(0.5603, 1.0241)
	0.239
	78.58
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