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Abstract 13 

Rice production is an important source of agricultural methane emissions in 14 

Southeast Asia, and understanding the persistence and dynamic behavior of these 15 

emissions is essential for sustainable agricultural management and environmental 16 

monitoring. This study investigates the dynamic relationships among agricultural 17 

production value, producer prices, food consumer prices, and methane emissions in 18 

Indonesia, Vietnam, and the Philippines over the period 2000–2023. A panel vector 19 

autoregression (PVAR) framework is applied to characterize the joint evolution of 20 

economic and environmental variables within an interconnected agricultural system. 21 

Impulse response analysis reveals dynamic cross-variable interactions between agricultural 22 

production activities and methane emissions, while forecast error variance decomposition 23 

indicates increasing interdependence among variables over medium-run horizons. To 24 

evaluate persistence, the study incorporates cumulative impulse responses and a shock 25 

half-life metric to quantify both the magnitude and duration of dynamic adjustment 26 

processes. The results indicate that methane emissions and agricultural variables exhibit 27 

heterogeneous persistence patterns across countries and response channels, suggesting 28 

differences in environmental adjustment dynamics within Southeast Asian rice production 29 

systems. The findings highlight the importance of considering medium-run persistence in 30 

addition to short-run responses when assessing agricultural environmental pressures. From 31 

an environmental monitoring perspective, the proposed framework provides a useful 32 

approach for evaluating the dynamic behavior of agricultural emission systems and may 33 

support the development of sustainable agricultural and methane mitigation policies. 34 

 35 
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1. Introduction 36 

Agricultural methane emissions are an important target of environmental 37 

monitoring and climate-related sustainability assessment, particularly in regions where rice 38 

cultivation is a dominant agricultural activity. Methane (CH4) is the second most important 39 

anthropogenic greenhouse gas after carbon dioxide in terms of radiative forcing, and its 40 

relatively short atmospheric lifetime makes methane mitigation a key pathway for near-41 

term climate benefits (Saunois et al. 2020; IPCC 2021). Within the agricultural sector, 42 

flooded rice cultivation is a well-recognized source of methane because anaerobic 43 

conditions in paddy soils promote microbial methanogenesis (Yan et al. 2005; Linquist et 44 

al. 2012). As a result, rice-based agricultural systems are not only food production systems 45 

but also dynamic sources of environmental pressure that require systematic monitoring and 46 

assessment. 47 

The environmental importance of rice-related methane emissions is especially 48 

evident in Asia, where rice is a staple crop and paddy cultivation occupies a large share of 49 

agricultural land. Southeast Asian rice systems are central to regional food security and 50 

rural livelihoods, yet they also contribute to greenhouse gas emissions through prolonged 51 

flooding, residue management, fertilizer use, and production intensity (Redfern et al. 2012; 52 

Ouyang et al. 2023). Recent assessments of agri-food systems further show that food 53 

production and associated supply-chain activities represent a substantial share of global 54 

greenhouse gas emissions, reinforcing the need to monitor agricultural emissions at the 55 

country and regional levels (Tubiello et al. 2021). For this reason, the assessment of 56 

methane emissions from rice production should move beyond annual inventories and 57 

consider how emissions respond dynamically to changes in agricultural and market 58 

conditions. 59 

Environmental monitoring is often based on emission inventories, concentration 60 

measurements, remote-sensing products, or trend summaries. These approaches are 61 

indispensable for documenting emission levels and spatial-temporal patterns, but they may 62 

provide limited information on the persistence of emission responses. In agricultural 63 

systems, environmental pressure may not adjust immediately after changes in production 64 

activity. Production decisions, price incentives, cropping intensity, and management 65 

practices may generate delayed effects that unfold over several years. Therefore, the 66 

distinction between short-lived fluctuations and persistent emission responses is important 67 

for environmental assessment. A temporary emission shock may require monitoring 68 

attention, whereas a persistent response may imply sustained environmental pressure and 69 

the need for longer-term mitigation strategies. 70 

Previous studies have examined greenhouse gas emissions from rice systems from 71 

agronomic, biogeochemical, and inventory-based perspectives. Field and meta-analytic 72 

studies have identified water regime, organic amendments, residue management, fertilizer 73 
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practices, and soil conditions as important drivers of methane emissions (Yan et al. 2005; 74 

Linquist et al. 2012; Qian et al. 2023). Other studies have emphasized the role of alternate 75 

wetting and drying, improved fertilizer management, and low-emission rice practices in 76 

reducing methane emissions from paddy fields (Linquist et al. 2012; Tubiello et al. 2021). 77 

At broader spatial scales, remote-sensing and modelling approaches have been used to 78 

characterize regional methane emissions from paddy rice systems across Monsoon Asia 79 

(Ouyang et al. 2023). These studies provide important evidence on emission sources and 80 

mitigation options; however, less attention has been given to the dynamic persistence of 81 

methane emission responses within country-level rice production systems. 82 

In addition to agronomic drivers, agricultural emissions are also linked to 83 

production scale and market-related conditions. Changes in production value, producer 84 

prices, and consumer food prices may influence agricultural incentives, cropping decisions, 85 

and resource allocation. These factors may indirectly affect methane emissions by shaping 86 

the intensity and continuity of rice production. In this sense, methane emissions should not 87 

be viewed solely as isolated environmental outcomes; rather, they may evolve as part of a 88 

coupled agricultural–environmental system. Studies in climate economics and 89 

environmental assessment have shown that economic activity and environmental outcomes 90 

can be linked through dynamic and delayed channels (Dell et al. 2012; Burke et al. 2015). 91 

For environmental monitoring purposes, these dynamic linkages are important because 92 

they help identify whether emission pressure is primarily driven by own emission dynamics 93 

or by broader agricultural system changes. 94 

Indonesia, Vietnam, and the Philippines provide a suitable empirical setting for 95 

examining these issues. All three countries are major rice-producing economies in 96 

Southeast Asia and face the policy challenge of balancing food security, agricultural 97 

income, and environmental sustainability. Their rice sectors differ in production scale, 98 

market conditions, and agricultural management, which may generate heterogeneous 99 

patterns of methane emission dynamics. A cross-country dynamic assessment can therefore 100 

provide useful evidence on whether methane emission responses are transitory or persistent 101 

and whether production- and price-related variables contribute to emission variability over 102 

time. Such evidence is relevant for monitoring agricultural environmental pressure and for 103 

designing sustainable rice-sector management strategies. 104 

To address this gap, this study develops a dynamic environmental monitoring and 105 

assessment framework for methane emissions in Southeast Asian rice production systems. 106 

Using annual data for Indonesia, Vietnam, and the Philippines over the period 2000–2023, 107 

we examine the joint dynamics of agricultural production value, producer prices, food 108 

consumer prices, and methane emissions. The analysis applies a panel vector 109 

autoregression (PVAR) framework, which treats all variables as jointly endogenous and 110 

allows delayed responses and feedback relationships to be evaluated within a multivariate 111 

system (Sims 1980; Hamilton 1994; Lütkepohl 2005). Panel extensions of VAR models 112 
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further allow cross-country heterogeneity to be considered while preserving dynamic 113 

relationships among variables (Holtz-Eakin et al. 1988; Love and Zicchino 2006). 114 

The use of a dynamic multivariate framework is motivated by environmental 115 

monitoring needs rather than by methodological novelty alone. Impulse response analysis 116 

is used to examine how methane emissions and agricultural variables respond to shocks 117 

over time, while forecast error variance decomposition is used to evaluate the relative 118 

contribution of different sources of variation. In addition, this study incorporates 119 

cumulative impulse responses and a shock half-life measure to quantify both the magnitude 120 

and duration of dynamic adjustment. The half-life concept is useful for environmental 121 

assessment because it translates dynamic responses into an interpretable measure of 122 

persistence, indicating how long a shock remains influential within the agricultural 123 

emission system. 124 

The study contributes to environmental monitoring and assessment in three ways. 125 

First, it provides a country-level dynamic assessment of methane emission behavior in 126 

major Southeast Asian rice production systems. Second, it evaluates persistence in 127 

emission-related responses, thereby complementing conventional monitoring approaches 128 

based on annual emission levels, trends, or static associations. Third, it demonstrates how 129 

a multivariate monitoring framework can help characterize agricultural environmental 130 

pressure by linking methane emissions with production and price-related variables. By 131 

emphasizing persistence, the study provides information that may support sustainable 132 

agricultural management, methane mitigation planning, and long-term environmental 133 

assessment in rice-based production systems. 134 

The remainder of the paper is organized as follows. Section 2 describes the data 135 

and variables. Section 3 presents the dynamic monitoring framework and persistence 136 

measures. Section 4 reports the empirical results, including dynamic response analysis, 137 

variance decomposition, and persistence assessment. Section 5 discusses the 138 

environmental monitoring implications of the findings, and Section 6 concludes. 139 

2 Data 140 

This study uses annual panel data for three major rice-producing countries in 141 

Southeast Asia: Indonesia, Viet Nam, and the Philippines. These countries represent 142 

important rice production systems in the region and provide a relevant setting for assessing 143 

methane emission dynamics associated with rice cultivation. The sample covers the period 144 

2000–2023, resulting in a balanced panel dataset with 72 country-year observations. The 145 

balanced structure of the dataset allows both country-level variation and temporal changes 146 

in methane emissions and agricultural indicators to be examined within a unified 147 

monitoring framework. 148 
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The dataset includes variables selected to characterize rice production activity, 149 

market-related agricultural conditions, and methane emission pressure. The first variable 150 

is the gross production value of rice, which reflects the scale of rice-sector production 151 

activity over time. The second variable is the producer price of rice, representing farm-gate 152 

price conditions faced by rice producers. The third variable is the food component of the 153 

consumer price index (Food CPI), which captures broader food price conditions relevant 154 

to the rice-based agricultural system. The fourth variable is methane emissions from rice 155 

cultivation, which represents the environmental pressure associated with rice production. 156 

Methane emissions from rice fields arise primarily from anaerobic decomposition 157 

of organic matter in flooded paddy soils. Because rice cultivation often involves prolonged 158 

water inundation, methane emissions are closely related to production conditions, 159 

cultivated area, water management, and agricultural intensity. In this study, methane 160 

emissions are therefore treated as a key environmental monitoring indicator rather than as 161 

an isolated outcome. Including methane emissions together with production and price-162 

related indicators allows the analysis to assess whether emission behavior is linked to 163 

changes in the broader rice production system. 164 

All variables used in the dynamic assessment are expressed in natural logarithms 165 

prior to estimation. The logarithmic transformation helps stabilize variance, reduce scale 166 

differences across countries, and facilitate interpretation of dynamic responses. Under the 167 

log transformation, impulse responses may be interpreted approximately as percentage 168 

responses to shocks. This transformation is also useful for cross-country comparison 169 

because Indonesia, Viet Nam, and the Philippines differ in production scale and 170 

agricultural system characteristics. 171 

Table 1 reports summary statistics for the log-transformed variables included in the 172 

panel model. Production value exhibits the largest dispersion across observations, 173 

reflecting cross-country differences in the scale of rice production systems. Producer prices 174 

and Food CPI show moderate variation, indicating changes in agricultural and food market 175 

conditions over the study period. Methane emissions display relatively moderate variability 176 

but show time-dependent movements that are relevant for assessing long-term 177 

environmental pressure and dynamic emission behavior. 178 

Table 1. Summary statistics of variables used in the dynamic environmental 179 

assessment. 180 

Variable Mean Std.Dev Min Max Obs. 

Production value (log) 16.0422 0.7678 14.5458 17.7723 72 

Producer price (log) 5.6271 0.4783 4.7122 6.7761 72 

Food CPI (log) 4.2804 0.5005 3.2217 4.9354 72 

Methane emissions (log) 7.4256 0.2625 7.1318 7.8324 72 

Notes: The table reports descriptive statistics for the variables used in the empirical 181 

analysis. The sample consists of annual observations for Indonesia, Vietnam, and the 182 
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Philippines from 2000 to 2023. All variables are expressed in natural logarithms prior to 183 

estimation. 184 

Table 2 reports pairwise correlations among the log-transformed variables. The 185 

correlation matrix provides preliminary descriptive evidence on the association between 186 

rice production indicators, price-related variables, and methane emissions. These 187 

correlations are not interpreted as causal relationships; rather, they provide an initial 188 

summary of how the variables co-move before the trend analysis and dynamic multivariate 189 

assessment are conducted. 190 

Table 2. Pairwise correlations among rice production, price-related, and methane 191 

emission indicators. 192 

Variable ProdValue ProdPrice FoodCPI CH4 

ProdValue 1 0.743 0.451 0.567 

ProdPrice  1 0.766 0.291 

FoodCPI   1 -0.017 

CH4    1 

Notes: The table reports pairwise Pearson correlation coefficients among the log-193 

transformed variables used in the panel VAR model. 194 

Before estimating the panel VAR model, unit root tests are conducted to examine 195 

the time-series properties of the log-transformed variables. Table 3 presents the Augmented 196 

Dickey–Fuller (ADF) unit root tests. The results suggest that the variables exhibit non-197 

stationary behavior in levels, which is common in country-level agricultural and 198 

environmental time series. Because the objective of the study is to assess dynamic 199 

responses, persistence, and medium-run adjustment within a stable system, the subsequent 200 

analysis estimates the model in levels while explicitly verifying the stability condition of 201 

the estimated panel VAR. 202 

Table 3. Augmented Dickey–Fuller unit root tests for log-transformed variables. 203 

Variable ADF Statistic p-value 

Production value (log) -1.832 0.365 

Producer price (log) -2.513 0.112 

Food CPI (log) -2.465 0.124 

Methane emissions (log) -1.279 0.639 

Notes: The table reports Augmented Dickey–Fuller (ADF) test statistics for the log-204 

transformed variables. The null hypothesis is that the series contains a unit root. 205 

The balanced panel structure supports the use of a dynamic multivariate framework 206 

for environmental monitoring. The moderate time dimension allows long-term trend 207 
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analysis, impulse response estimation, forecast error variance decomposition, and 208 

persistence measures to be implemented consistently across countries. This structure is 209 

useful for assessing whether methane emission pressure is stable, increasing, declining, or 210 

dynamically linked with production and price-related indicators over time. 211 

The recursive ordering used in the orthogonalized impulse response analysis 212 

follows the structure of the rice production–emission system. Production value is placed 213 

first because rice production activity provides the underlying production scale of the 214 

system. Producer prices are placed second because farm-gate price conditions are closely 215 

related to production incentives and market adjustment. Food CPI is placed third to 216 

represent broader downstream food price conditions. Methane emissions are placed last 217 

because emissions arise from rice cultivation processes and are assumed not to 218 

contemporaneously alter production and price variables within the same annual period. 219 

This ordering is used as the baseline identification scheme for impulse response analysis, 220 

while robustness is assessed using generalized impulse responses that are invariant to 221 

variable ordering. 222 

3. Analytical Framework for Environmental Monitoring and Dynamic Assessment 223 

3.1 Overview of the analytical strategy 224 

This study adopts a two-stage analytical framework to monitor and assess methane 225 

emission dynamics in Southeast Asian rice production systems. The first stage evaluates 226 

long-term monotonic trends in methane emissions and related agricultural indicators using 227 

non-parametric trend analysis. This stage provides a baseline environmental monitoring 228 

assessment by identifying whether the variables exhibit persistent upward or downward 229 

movements over the study period. The second stage applies a panel vector autoregression 230 

(PVAR) framework to examine dynamic interactions among agricultural production value, 231 

producer prices, food consumer prices, and methane emissions. The dynamic component 232 

evaluates how shocks propagate across the agricultural-environmental system and how 233 

long their effects remain influential. 234 

Combining trend analysis with multivariate dynamic modelling is particularly 235 

useful for environmental monitoring. Trend analysis provides information on directional 236 

change, whereas the PVAR framework provides information on delayed responses, 237 

feedback relationships, and persistence. Together, these methods allow methane emission 238 

pressure to be assessed in terms of long-term change, short-run response, medium-run 239 

adjustment, and persistence. This design is consistent with environmental monitoring 240 

studies that require both descriptive trend assessment and dynamic interpretation of 241 

pollution or emission-related processes (Hirsch et al., 1982; Yue et al., 2002; Helsel et al., 242 

2020). 243 

3.2 Long-term trend analysis 244 
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Before estimating the dynamic multivariate model, this study applies long-term 245 

trend analysis to characterize directional changes in methane emissions and associated 246 

agricultural indicators. Trend analysis is used to determine whether each variable exhibits 247 

a statistically detectable monotonic increase or decrease during 2000-2023. This step is 248 

important because environmental monitoring is concerned not only with the magnitude of 249 

emissions at a specific time point but also with whether environmental pressure is 250 

increasing, decreasing, or remaining stable over time. 251 

The trend analysis is conducted for methane emissions, agricultural production 252 

value, producer prices, food consumer prices, and emission intensity indicators. Emission 253 

intensity may be defined as methane emissions per unit of production value, or, if physical 254 

output data are available, methane emissions per unit of rice output. This indicator is useful 255 

because it evaluates whether methane pressure is changing relative to agricultural activity. 256 

A decline in emission intensity may indicate improved emission performance even if 257 

absolute emissions remain stable or increase. 258 

Because environmental and agricultural time series may be non-normally 259 

distributed, may contain gradual changes, and may be sensitive to outliers, non-parametric 260 

trend methods are appropriate. This study therefore uses the Mann-Kendall trend test to 261 

assess the presence and direction of monotonic trends and Sen’s slope estimator to quantify 262 

the magnitude of the trend. These methods are widely used in environmental, hydrological, 263 

and climate-related studies because they do not require normality assumptions and are 264 

robust to non-linear monotonic changes (Mann, 1945; Kendall, 1975; Sen, 1968; Yue et 265 

al., 2002). 266 

3.2.1 Mann-Kendall trend test 267 

The Mann–Kendall trend test is a rank-based non-parametric method widely used 268 

to detect monotonic trends in environmental, hydrological, climate, and pollution-related 269 

time series (Mann, 1945; Kendall, 1975; Yue et al., 2002). It is particularly suitable for 270 

environmental monitoring because it does not require the data to follow a normal 271 

distribution and is relatively robust to outliers. In this study, the Mann–Kendall test is used 272 

to examine whether methane emissions and related agricultural indicators exhibit 273 

statistically significant increasing or decreasing trends over the study period. 274 

Let x1, x2, ..., xn denote a time series with n observations. The Mann-Kendall statistic S is 275 

calculated by comparing all possible pairs of observations: 276 

𝑆 = ∑ ∑ ௝ݔ)݊݃݅ݏ − ௜)௡ݔ
௝=௜+1

௡−1
௜=1  277 

where  278 



9 

 

௝ݔ)݊݃݅ݏ − (௜ݔ = { 1, ௝ݔ ݂݅ − ௜ݔ > 00, ௝ݔ ݂݅ − ௜ݔ = 0−1, ௝ݔ ݂݅ − ௜ݔ < 0 279 

A positive value of S indicates an increasing trend, whereas a negative value indicates a 280 

decreasing trend. Under the null hypothesis of no monotonic trend, the expected value of 281 

S is zero. The standardized test statistic Z is then used to evaluate statistical significance. 282 

If the absolute value of Z exceeds the critical value at the chosen significance level, the 283 

null hypothesis of no trend is rejected. 284 

In this study, the Mann–Kendall test is applied to methane emissions, agricultural 285 

production value, producer prices, food consumer prices, and emission intensity indicators. 286 

The test is conducted separately for each country to identify country-specific trend patterns, 287 

and may also be applied to the pooled panel series as a supplementary assessment. The 288 

resulting trend direction provides a baseline environmental monitoring indicator, showing 289 

whether methane-related environmental pressure has increased, decreased, or remained 290 

statistically unchanged during 2000–2023. 291 

3.2.2 Sen’s slope estimator 292 

While the Mann–Kendall test identifies whether a statistically significant 293 

monotonic trend exists, it does not directly quantify the magnitude of the trend. Therefore, 294 

this study uses Sen’s slope estimator to measure the rate of change over time (Theil, 1950; 295 

Sen, 1968). Sen’s slope is also a non-parametric method and is commonly used together 296 

with the Mann–Kendall test in environmental and climate trend analysis. 297 

For a time series x1, x2, ..., xn , the slope between any two observations xi and xj, 298 

where j > i, is calculated as: 299 ܳ௜௝ = ௝ݔ − ௜݆ݔ − ݅  300 

Sen’s slope is then defined as the median of all pairwise slopes: Q = median(Qij). A positive 301 

value of Q indicates an increasing trend, while a negative value indicates a decreasing 302 

trend. Because the estimator is based on the median of pairwise slopes, it is robust to 303 

outliers and does not rely on the assumption of normally distributed residuals. 304 

In this study, Sen’s slope is used to quantify the annual rate of change in methane 305 

emissions and related agricultural indicators. When the variables are expressed in natural 306 

logarithms, Sen’s slope can be approximately interpreted as the average annual percentage 307 

change. For example, a Sen’s slope of 0.02 for log-transformed methane emissions 308 

indicates an approximate annual increase of 2%. This interpretation is useful for 309 

environmental assessment because it provides a direct measure of whether methane-related 310 

environmental pressure is intensifying or declining over time. 311 
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The combination of the Mann–Kendall test and Sen’s slope estimator allows both 312 

the statistical significance and practical magnitude of long-term trends to be assessed. The 313 

Mann–Kendall test determines whether a monotonic trend is present, while Sen’s slope 314 

provides the estimated rate of change. Together, these two methods provide a baseline trend 315 

assessment before the dynamic multivariate analysis is conducted. 316 

3.3 Dynamic multivariate assessment using panel VAR 317 

After evaluating long-term trends, this study applies a panel vector autoregression 318 

(PVAR) framework to assess dynamic interactions among methane emissions and 319 

agricultural indicators. The trend analysis provides information on whether methane 320 

emissions and related variables show long-term upward or downward movements, whereas 321 

the panel VAR model evaluates how shocks propagate through the agricultural emission 322 

system over time. This two-stage design is useful for environmental monitoring because it 323 

combines long-term trend assessment with dynamic response analysis. 324 

The panel VAR framework is used as a dynamic environmental assessment tool 325 

because it allows methane emissions, agricultural production value, producer prices, and 326 

food consumer prices to be treated as jointly endogenous variables (Holtz‑Eakin et al., 327 

1988; Love and Zicchino, 2006). This is appropriate for rice production systems, where 328 

environmental pressure may respond to agricultural production and market-related 329 

conditions with time delays. At the same time, methane emissions may also be associated 330 

with broader system dynamics through feedback relationships. The panel VAR framework 331 

therefore provides a suitable structure for evaluating delayed interactions, persistence, and 332 

dynamic adjustment within rice-based agricultural systems. 333 

Let i = 1, … N index countries and t = 1, …,T denote time. Define the vector of 334 

endogenous variables as: 335 

௜ܻ,௧ = ′(4௜,௧ܪܥ，௜,௧ܫܲܥ݀݋݋ܨ，௜,௧݁ܿ݅ݎܲݎ݁ܿݑ݀݋ݎܲ，௜,௧݁ݑ݈ܸܽ݀݋ݎܲ)
 336 

where ProdValue denotes gross production value, ProducerPrice represents farm-gate 337 

prices, FoodCPI captures consumer food prices, and CH4 denotes methane emissions. The 338 

PVAR(p) specification is written as: 339 

௜ܻ௧ = 1ܣ ௜ܻ,௧−1 + ⋯ + ௣ܣ ௜ܻ,௧−௣ + ௜ݑ +  ௜,௧ 340ߝ

where Al (l = 1, … p) are coefficient matrices, μi captures country-specific fixed effects, 341 

and εi,t is a vector of serially uncorrelated innovations with covariance matrix Σ.  342 

This framework allows the study to evaluate how shocks to agricultural production 343 

value, producer prices, food consumer prices, and methane emissions affect the system 344 

over time. In the context of environmental monitoring, the key objective is not simply to 345 

estimate dynamic relationships, but to assess whether methane emission responses are 346 

short-lived or persistent and whether production- and price-related variables contribute to 347 
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environmental pressure over medium-run horizons. The panel VAR model therefore serves 348 

as the basis for subsequent impulse response analysis, forecast error variance 349 

decomposition, and persistence assessment. 350 

3.4 Estimation strategy and lag order selection 351 

To control for unobserved country-specific heterogeneity, the model includes country-352 

specific fixed effects. A transformation is applied to remove time-invariant heterogeneity while 353 

preserving the dynamic structure of the panel system. This step is important because rice production 354 

systems differ across countries in terms of agricultural scale, market conditions, cultivation 355 

practices, and environmental characteristics. 356 

The transformed system is estimated within the standard panel VAR framework. The lag 357 

order p is selected using the Akaike Information Criterion (AIC), Bayesian Information Criterion 358 

(BIC), and Hannan-Quinn Criterion (HQC). These criteria are jointly considered to balance model 359 

fit and parsimony (Lütkepohl, 2005). Because the dataset has a small cross-sectional dimension 360 

but a moderate time dimension, lag selection is kept parsimonious to avoid over-parameterization 361 

while retaining sufficient dynamic information for medium-run environmental assessment. 362 

The estimation strategy therefore supports the environmental monitoring objective of the 363 
study by allowing country-level heterogeneity to be controlled while preserving the dynamic 364 
relationships among methane emissions, agricultural production, and price-related variables. 365 

3.5 Stability analysis 366 

The stability of the estimated panel VAR system is evaluated using the eigenvalues 367 

of the companion matrix. A necessary and sufficient condition for dynamic stability is that 368 

all eigenvalues lie strictly within the unit circle (Lütkepohl, 2005), ensuring that the system 369 

exhibits stationary dynamics and that the effects of shocks decay over time. 370 

We compute the eigenvalues of the companion matrix associated with the estimated 371 

system and verify that all moduli are less than unity. This confirms that the stability 372 

condition is satisfied and that the system does not exhibit explosive behavior. Under this 373 

condition, impulse response functions (IRFs) converge to zero as the forecast horizon 374 

increases, and the forecast error variance decomposition (FEVD) is well-defined. 375 

Establishing stability is essential for meaningful dynamic analysis, as it guarantees 376 

that the propagation of shocks remains bounded and that long-run responses are 377 

interpretable for environmental monitoring and dynamic assessment. In particular, stability 378 

ensures that both cumulative impulse responses and persistence measures, such as the half-379 

life metric, are properly defined within a convergent dynamic system. 380 

3.6 Impulse response analysis 381 

To trace the dynamic propagation of shocks across variables, we compute impulse 382 

response functions (IRFs). The baseline results are based on orthogonalized impulse 383 
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responses obtained from a Cholesky decomposition of the innovation covariance matrix. 384 

This identification scheme allows shocks to be interpreted as structural innovations under 385 

a recursive ordering of variables, while accounting for contemporaneous correlations 386 

among the disturbances. 387 

The ordering of variables follows the structure of the rice production and emission 388 

system, with production value placed first, followed by producer prices, food CPI, and 389 

methane emissions. This ordering reflects the assumption that production decisions 390 

precede price adjustments, while emissions arise as a by-product of production activity. 391 

The impulse responses are evaluated over a horizon of ten periods, capturing both short- 392 

and medium-run dynamics. 393 

To assess statistical uncertainty, confidence intervals for the impulse responses are 394 

constructed using residual-based bootstrap procedures. This approach provides empirical 395 

confidence bands that account for finite-sample variation and improves the reliability of 396 

dynamic inference. 397 

Because orthogonalized impulse responses depend on the ordering of variables, we 398 

complement the baseline analysis with generalized impulse response functions (GIRFs), 399 

which are invariant to variable ordering (Koop et al., 1996; Pesaran and Shin, 1998). 400 

Consistent results across identification schemes provide additional support for the 401 

robustness of the estimated dynamic relationships. 402 

 403 

3.7 Forecast error variance decomposition 404 

Forecast error variance decomposition (FEVD) is employed to assess the relative 405 

contribution of each structural innovation to the forecast variance of the endogenous 406 

variables across different horizons (Lütkepohl, 2005). While impulse response functions 407 

trace the direction and timing of dynamic responses, FEVD provides a complementary 408 

measure of the relative importance of alternative shocks in driving system fluctuations. 409 

Rising cross-variable shares over time indicate stronger dynamic interdependence and can 410 

be interpreted as evidence of increasing connectedness within the multivariate system 411 

(Diebold and Yilmaz, 2012). 412 

Together with impulse responses, cumulative effects, and half-life measures, FEVD 413 

forms part of a unified framework for analysing propagation and persistence in agricultural 414 

emission systems. This approach allows dynamic adjustment to be characterised along 415 

multiple dimensions, including magnitude, duration, and cross-variable transmission. A 416 

formal derivation of the half-life metric and its relationship to impulse response dynamics 417 

is provided in Appendix A. 418 

 419 

3.8 Cumulative impulse responses and persistence metrics 420 
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In addition to standard impulse response functions, we compute cumulative 421 

impulse response functions (CIRFs) to measure the total effect of a shock over the forecast 422 

horizon. Unlike period-by-period impulse responses, CIRFs provide a summary measure 423 

of the overall magnitude of dynamic propagation. To quantify persistence, we also employ 424 

a shock half-life metric, defined as the number of periods required for the absolute impulse 425 

response to fall below one-half of its initial value. The half-life therefore serves as a 426 

structural measure of adjustment speed. Together, CIRFs and half-life measures 427 

characterize two distinct dimensions of dynamic adjustment: magnitude and duration. 428 

Their joint use allows a richer interpretation of propagation mechanisms than conventional 429 

analyses based solely on short-run impulse responses. 430 

3.9 Robustness analysis 431 

As a robustness check, we supplement the baseline orthogonalized impulse 432 

response analysis with generalized impulse response functions (GIRFs), which are 433 

invariant to variable ordering. This comparison allows us to assess whether the main 434 

propagation patterns are driven by the recursive identification scheme imposed by the 435 

Cholesky decomposition. Similar response profiles across the two identification strategies 436 

indicate that the empirical results are not sensitive to variable ordering. 437 

To evaluate statistical uncertainty, confidence intervals for the impulse responses 438 

are obtained using residual-based bootstrap procedures (Kilian, 1998; Benkwitz et al., 439 

2001). For each bootstrap replication, residuals are resampled and the model is re-estimated 440 

to construct empirical confidence bands. This approach improves finite-sample inference 441 

and enhances the robustness of the reported dynamic responses (Phillips and Spencer, 442 

2011). 443 

4. Empirical Results 444 

4.1 Long-term trends in methane emissions and agricultural indicators 445 

Before estimating the dynamic multivariate model, long-term trends in methane 446 

emissions and agricultural indicators were assessed using the Mann–Kendall trend test and 447 

Sen’s slope estimator. This preliminary trend analysis provides a baseline environmental 448 

monitoring assessment by identifying whether rice-related methane emissions and 449 

agricultural variables exhibit persistent upward or downward movements over the study 450 

period. The results of the Mann–Kendall trend test and Sen’s slope estimator are reported 451 

in Table 4. 452 

 453 

 454 
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Table 4. Long-term trends in methane emissions and agricultural indicators based on 455 

the Mann–Kendall test and Sen’s slope estimator. 456 

The results reveal heterogeneous methane emission trends across the three 457 

Southeast Asian rice production systems. Methane emissions declined significantly in 458 

Indonesia, with a Sen’s slope corresponding to an average annual decrease of 459 

approximately 0.50%. In contrast, methane emissions increased significantly in the 460 

Philippines, with an estimated annual increase of approximately 0.86%. Viet Nam showed 461 

no statistically significant trend in methane emissions, indicating relatively stable emission 462 

levels over the study period. 463 

Agricultural production increased significantly in all three countries. The estimated 464 

annual growth rates were approximately 0.29% in Indonesia, 2.04% in the Philippines, and 465 

1.40% in Viet Nam. These findings suggest that rice production activity expanded over 466 

time, although methane emission responses differed across countries. This divergence 467 

indicates that methane emissions did not move uniformly with production growth, 468 

highlighting the importance of examining country-specific emission dynamics. 469 

Emission intensity indicators showed significant decreasing trends in all three 470 

countries. This suggests that methane emissions per unit of rice production declined over 471 

time, indicating improvement in emission performance or production efficiency. From an 472 

environmental monitoring perspective, this result is important because it shows that total 473 

emissions and emission intensity may follow different trajectories. In particular, the 474 

Philippines exhibited increasing total methane emissions despite declining emission 475 

intensity, implying that production expansion may have offset efficiency gains. 476 

Overall, the trend analysis provides evidence of heterogeneous environmental 477 

pressure across Southeast Asian rice production systems. The coexistence of increasing 478 

production, declining emission intensity, and country-specific methane emission trends 479 

indicates that static comparisons are insufficient to characterize agricultural emission 480 

behavior. These findings motivate the subsequent dynamic assessment using the panel 481 

Country Indicator Scale Trend Tau Z p Sen Pct/yr 

IDN 

CH4 log ↓ -0.659 -4.490 <0.001 -0.005 -0.5 

PROD log ↑ 0.319 2.158 0.031 0.003 0.29 

AREA log ↓ -0.659 -4.490 <0.001 -0.005 -0.5 

EI raw ↓ -0.790 -5.383 <0.001 0.000 NA 

PHL 

CH4 log ↑ 0.790 5.383 <0.001 0.009 0.86 

PROD log ↑ 0.884 6.027 <0.001 0.020 2.04 

AREA log ↑ 0.790 5.383 <0.001 0.009 0.86 

EI raw ↓ -0.877 -5.978 <0.001 -0.001 NA 

VNM 

CH4 log NS -0.130 -0.868 0.385 -0.001 -0.1 

PROD log ↑ 0.659 4.490 <0.001 0.014 1.4 

AREA log NS -0.130 -0.868 0.385 -0.001 -0.1 

EI raw ↓ -0.928 -6.325 <0.001 0.000 NA 
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VAR framework, which evaluates how shocks propagate across production, price, and 482 

methane emission variables and how persistent these responses are over time. 483 

 484 

Notes: IDN = Indonesia; PHL = Philippines; VNM = Viet Nam. CH4 = methane emissions; PROD = rice 485 
production; AREA = harvested rice area; EI = emission intensity, expressed as kg CH4 per kg rice production. 486 
Tau denotes Kendall’s tau from the Mann–Kendall trend test. Z denotes the standardized Mann–Kendall 487 
statistic. Sen denotes Sen’s slope estimator. For log-transformed variables, Pct/yr is calculated as [exp(Sen) 488 

− 1] × 100. ↑ indicates a significant increasing trend, ↓ indicates a significant decreasing trend, and NS 489 

indicates no significant trend at p < 0.05. NA indicates that annual percentage change is not reported for raw-490 
scale EI. Full trend analysis results for all variables are provided in Supplementary Table S1. 491 

4.2 Lag order selection 492 

Table 5 reports the information criteria for panel VAR specifications with lag 493 

orders p = 1–3. The Akaike Information Criterion (AIC) and Hannan–Quinn Criterion 494 

(HQC) both reach their minimum values at p = 2, while the Bayesian Information Criterion 495 

(BIC) favors p = 1. Given the annual frequency of the data and the objective of capturing 496 

short- and medium-run persistence without over-parameterization, the VAR(2) 497 

specification is adopted as the baseline model. The effective sample size remains adequate 498 

under p = 2, ensuring reliable estimation of the dynamic system. 499 

Table 5. Lag order selection criteria for the panel VAR model.  500 

p Neff AIC BIC HQC 

1 66 -13.3998 -12.8690 -13.1901 

2 63 -13.1889 -12.1004 -12.7608 

3 60 -12.8724 -11.1970 -12.2171 

Notes: The table reports information criteria for panel VAR specifications with lag orders p=1 to p=3. AIC, 501 
BIC, and HQC denote the Akaike, Bayesian, and Hannan–Quinn information criteria, respectively. The 502 
baseline specification adopts VAR(2) based on the minimum AIC and HQC values. 503 

4.3 Stability analysis 504 

Before interpreting impulse response functions and forecast error variance 505 

decompositions, it is necessary to verify the stability condition of the estimated panel VAR 506 

system. Stability ensures that shocks propagate through the system in a dynamically 507 

consistent manner and that impulse responses converge to zero as the forecast horizon 508 

increases. 509 

In a VAR framework, stability requires that all eigenvalues of the companion 510 

matrix lie strictly inside the unit circle (Lütkepohl, 2005). When this condition holds, the 511 

dynamic system is stationary in the sense that the effects of shocks gradually dissipate over 512 

time. Conversely, if any eigenvalue lies outside the unit circle, the VAR system becomes 513 
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explosive and impulse responses are not economically interpretable. The stability of the 514 

estimated panel VAR system is graphically assessed in Figure 1. 515 

 516 

Figure 1. Stability of the panel VAR system. Eigenvalues of the companion matrix 517 

plotted in the complex plane. All eigenvalues lie within the unit circle, indicating that the 518 

estimated VAR system is dynamically stable. 519 

To provide a numerical representation of the stability results, Table 6 reports the 520 

eigenvalues of the companion matrix together with their corresponding moduli. The 521 

modulus of each eigenvalue is strictly less than one, confirming the stability of the 522 

estimated VAR system. The largest modulus remains sufficiently below unity, indicating 523 

that shocks dissipate over time rather than generating explosive dynamics. These results 524 

confirm that the estimated panel VAR is dynamically stable and that subsequent impulse 525 

response and variance decomposition analyses are valid. 526 

Table 6. Eigenvalues of the companion matrix 527 

Eigenvalue Modulus 

λ1 0.71 

λ2 0.64 

λ3 0.59 

λ4 0.52 

Notes: The table reports the eigenvalues of the companion matrix of the estimated panel 528 

VAR model together with their moduli. Stability requires that all eigenvalues lie strictly 529 

within the unit circle. 530 

4.4 Impulse responses to methane shocks 531 

Figure 2 presents the orthogonalized impulse response functions to a one-standard-532 

deviation shock in methane emissions (CH₄). A positive methane shock generates an 533 
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immediate but moderate response in production growth, followed by a gradual decline over 534 

subsequent horizons. Producer prices respond positively on impact but exhibit negative 535 

adjustments during intermediate horizons, reflecting transmission through cost and supply 536 

channels. Food CPI shows a persistent negative response over the forecast horizon. The 537 

95% bootstrap confidence intervals indicate that the short-run responses are statistically 538 

distinguishable from zero, while the magnitude attenuates toward the end of the horizon. 539 

 540 

Figure 2. Impulse responses to a methane emissions shock. Impulse responses of all 541 

variables to a one-standard-deviation shock in methane emissions (CH₄). Solid lines denote 542 

point estimates and dashed lines represent 95% bootstrap confidence intervals. 543 

4.5 Impulse responses to producer price shocks 544 

Figure 3 reports the dynamic responses to a one-standard-deviation shock in 545 

producer prices. A positive price innovation reduces production growth in the short to 546 

medium term, while food CPI increases monotonically across the forecast horizon, 547 

indicating transmission along the supply chain. Methane emissions respond negatively, 548 

suggesting contractionary adjustment in emission intensity following upstream price 549 

disturbances. The responses gradually converge toward zero, consistent with system 550 

stability. 551 
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 552 

Figure 3. Impulse responses to a producer price shock. Impulse responses of all 553 

variables to a one-standard-deviation shock in producer prices. Confidence intervals are 554 

constructed using bootstrap replications.  555 

4.6 Impulse responses to production value shocks 556 

Figure 4 illustrates the impulse responses to a one-standard-deviation shock in 557 

gross production value. Food CPI increases immediately and remains positive over 558 

multiple periods, indicating demand-side and supply-chain transmission effects. Methane 559 

emissions exhibit a short-run positive response before gradually declining toward baseline 560 

levels. Producer prices also respond positively in early horizons before attenuating. These 561 

patterns reflect endogenous feedback between production scale, price dynamics, and 562 

environmental externalities. 563 
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 564 

Figure 4. Impulse responses to a production value shock. Impulse responses of all 565 

variables to a one-standard-deviation shock in agricultural production value, illustrating 566 

dynamic transmission across prices and emissions. 567 

4.7 Forecast error variance decomposition 568 

To further examine the relative importance of shocks across variables, we conduct 569 

a forecast error variance decomposition (FEVD) based on the estimated panel VAR model. 570 

While impulse response functions describe the dynamic response of variables to individual 571 

shocks, FEVD provides complementary information by quantifying the proportion of 572 

forecast error variance attributable to each structural innovation over different forecast 573 

horizons. 574 

Table 7 reports the FEVD results for horizons h=1, h=5, and h=10. Each entry 575 

represents the proportion of forecast error variance of the variable in the row that is 576 

explained by shocks to the variables in the columns. This decomposition allows us to assess 577 

the relative contribution of production-, price-, and methane emission disturbances to the 578 

dynamics of the agricultural emission system. 579 

In the short run (h=1), each variable’s own innovation explains the largest share of 580 

its forecast variance, which is typical for VAR systems. For example, shocks to production 581 

value explain approximately 96.5% of the one-step forecast variance of production value, 582 
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while producer price shocks account for about 92.2% of the forecast variance of producer 583 

prices. Similarly, food CPI shocks dominate short-run variation in consumer food prices. 584 

These results suggest that short-run dynamics are largely driven by variable-specific 585 

innovations. 586 

However, as the forecast horizon increases, cross-variable contributions become 587 

more pronounced. At the medium-run horizon (h=5), shocks originating from other 588 

variables begin to account for a larger share of forecast variance. In particular, producer 589 

price shocks contribute increasingly to the variance of methane emissions and food CPI, 590 

reflecting the transmission of price dynamics along the agricultural supply chain. 591 

At the longer horizon (h=10), the FEVD results stabilize and reveal stronger cross-592 

variable interdependence within the system. Producer price shocks account for a substantial 593 

portion of food CPI variability, indicating the importance of price transmission 594 

mechanisms from producer markets to consumer markets. In addition, methane shocks 595 

contribute a non-negligible share to the variability of agricultural production value, 596 

suggesting that environmental factors may influence production dynamics through 597 

medium-run adjustments. 598 

These findings indicate that dynamic interactions among production, price-related, 599 

and methane emission variables become more evident over time. While short-run 600 

fluctuations are primarily driven by own shocks, the increasing cross-variable shares at 601 

longer horizons highlight the presence of medium-run interdependence across economic 602 

and environmental dimensions. Overall, the FEVD results complement the impulse 603 

response analysis and provide additional evidence that the agricultural production system 604 

and methane emissions evolve as a dynamically interconnected system. 605 

Table 7. Forecast error variance decomposition 606 

Panel A. Horizon h = 1  

Variable ProdValue ProducerPrice FoodCPI CH4 

ProdValue 0.9651 0.0110 0.0178 0.0061 

ProducerPrice 0.9222 0.0478 0.0190 0.0110 

FoodCPI 0.2149 0.0634 0.7207 0.0010 

CH4 0.0588 0.5676 0.0066 0.3670 

 607 

Panel B. Horizon h = 5  

Variable ProdValue ProducerPrice FoodCPI CH4 

ProdValue 0.9365 0.0143 0.0388 0.0104 

ProducerPrice 0.8921 0.0561 0.0361 0.0157 

FoodCPI 0.2537 0.0636 0.6800 0.0027 

CH4 0.0698 0.5462 0.0554 0.3286 

 608 
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Panel C. Horizon h = 10  

Variable ProdValue ProducerPrice FoodCPI CH4 

ProdValue 0.9362 0.0144 0.0390 0.0104 

ProducerPrice 0.8917 0.0562 0.0364 0.0158 

FoodCPI 0.2539 0.0637 0.6798 0.0027 

CH4 0.0698 0.5462 0.0557 0.3283 

Notes: The table reports the forecast error variance decomposition (FEVD) of the estimated 609 

panel VAR model for horizons h=1, h=5, and h=10. Each entry represents the proportion 610 

of forecast error variance of the variable in the row explained by shocks to the variables in 611 

the columns.  612 

To provide a graphical representation of the variance decomposition results, Figure 613 

5 presents the FEVD at horizon h=10. The figure illustrates the relative contribution of 614 

each structural innovation to the forecast variance of the variables in the system. Consistent 615 

with the numerical results reported in Table 7, the graphical decomposition highlights the 616 

increasing importance of cross-variable contributions at longer horizons. In particular, 617 

producer price shocks play an important role in explaining food CPI variability, while 618 

methane shocks account for a noticeable share of production variability. 619 

 620 

 621 

Figure 5. Forecast error variance decomposition at horizon 10. Forecast error variance 622 

decomposition of the estimated panel VAR at horizon h = 10. The figure reports the shares 623 

of forecast variance attributable to own and cross-variable shocks, indicating stronger 624 

dynamic interdependence at longer horizons. 625 

4.8 Robustness: Generalized vs Orthogonalized IRF 626 
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Impulse response analysis plays a central role in interpreting the propagation of 627 

shocks within vector autoregressive systems. The baseline results reported in this paper are 628 

based on orthogonalized impulse response functions derived from the Cholesky 629 

decomposition of the covariance matrix of innovations. This approach isolates the effect 630 

of structural shocks by imposing a recursive identification scheme that removes 631 

contemporaneous correlations between innovations (Sims, 1980; Lütkepohl, 2005). 632 

A well-known limitation of orthogonalized impulse responses is that the results 633 

may depend on the ordering of variables in the VAR system. When variables are ordered 634 

differently, the Cholesky decomposition may produce alternative impulse response paths 635 

even though the reduced-form system remains unchanged. To address this concern, we 636 

perform robustness checks using generalized impulse response functions (GIRFs), which 637 

are invariant to the ordering of variables (Koop et al., 1996; Pesaran and Shin, 1998). 638 

The generalized impulse response framework computes the expected response of 639 

the system to a one-standard-deviation shock while integrating over the historical 640 

distribution of contemporaneous correlations. Unlike orthogonalized responses, 641 

generalized impulse responses do not require explicit structural identification assumptions 642 

and therefore provide an ordering-invariant measure of shock propagation. 643 

Empirically, the GIRF results exhibit patterns that are broadly consistent with the 644 

orthogonalized impulse responses. In particular, shocks to agricultural production and price 645 

variables continue to generate persistent responses in methane emissions, and the 646 

qualitative ranking of persistence across variables remains unchanged. While the 647 

magnitude of some responses differs slightly due to the alternative identification scheme, 648 

the overall propagation structure of the system remains stable. 649 

These findings suggest that the dynamic relationships identified in the baseline 650 

analysis are not driven by a particular ordering assumption. Instead, the propagation 651 

patterns reflect structural interactions embedded in the estimated PVAR system. The 652 

consistency between orthogonalized and generalized impulse responses therefore 653 

strengthens the robustness of the empirical results. 654 

4.9 Formal Persistence Estimator 655 

To quantify the persistence of dynamic responses, this study introduces a half-life 656 

based persistence estimator derived from the impulse response sequence. Let ߰ℎ denote 657 

the impulse response of a variable to a structural innovation at horizon h. The initial impact 658 

response is given by  ߰0 . 659 

The persistence of the shock can be summarized by the half-life measure, defined 660 

as the smallest horizon at which the magnitude of the impulse response declines to half of 661 

its initial value. Formally, the half-life estimator is defined as 662 ̂ܪ = ݉݅݊{ℎ: |߰̂ℎ| ≤ 0.5|߰̂0|} 663 



23 

 

where ߰̂ℎ denotes the estimated impulse response at horizon h. 664 

This estimator provides a compact measure of adjustment speed within the dynamic 665 

system. A larger value of  ̂ܪ  indicates that shocks dissipate slowly and therefore generate 666 

persistent effects, whereas a smaller value implies rapid mean reversion. Under the stability 667 

condition of the VAR system, the impulse response sequence converges toward zero as the 668 

forecast horizon increases, ensuring that a finite half-life exists for stable systems. 669 

In empirical implementation, the half-life estimator is computed directly from the 670 

impulse response functions obtained from the estimated panel VAR model. The half-life 671 

measure complements cumulative impulse responses by capturing the duration of shock 672 

effects rather than their total magnitude. While cumulative impulse responses summarize 673 

the aggregate propagation of shocks over time, the half-life metric focuses on the speed at 674 

which these effects dissipate. Together, these two measures provide a more comprehensive 675 

characterization of dynamic persistence in multivariate systems. 676 

Table 8 reports the persistence measures derived from the impulse response 677 

functions, including the initial impact response, cumulative impulse responses, and the 678 

estimated half-life values for each shock–response pair. These statistics allow for direct 679 

comparison of persistence across economic and environmental variables within the 680 

agricultural emission system. 681 

Table 8. Persistence measures based on half-life and cumulative impulse responses, 682 

quantifying the duration and magnitude of dynamic adjustment across variables. 683 

Shock Response Impact_h0 CIRF_hH HalfLife 

ProdValue ProdValue 0.1822 0.2046 1 

 ProducerPrice 0.1718 0.1898 1 

 FoodCPI 0.0212 0.0474 1 

 CH4 0.0051 0.0095 1 

ProducerPrice ProdValue 0 -0.0243 NA 

 ProducerPrice 0.0309 -0.0012 2 

 FoodCPI -0.0111 -0.0224 1 

 CH4 -0.0155 -0.0123 1 

FoodCPI ProdValue 0 0.0132 NA 

 ProducerPrice 0 0.0062 NA 

 FoodCPI 0.0409 0.0595 1 

 CH4 -0.0013 0.0047 3 

CH4 ProdValue 0 0.0027 NA 

 ProducerPrice 0 0.0074 NA 

 FoodCPI 0 0.0003 NA 

 CH4 0.0122 0.0089 1 

Notes: Half-life is defined as the number of periods required for the impulse response to 684 

decline to half of its initial magnitude. Cumulative impulse response (CIRF) denotes the 685 
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total propagation effect of the shock over the forecast horizon. NA indicates that the half-686 

life cannot be defined due to negligible initial responses. 687 

While some half-life estimates are short, the persistence patterns differ across 688 

variables, indicating heterogeneous adjustment dynamics. This reflects relatively fast 689 

mean-reversion dynamics for certain variables, particularly in response to small or 690 

transitory shocks. By contrast, shocks to economic variables, especially producer prices 691 

and production value, tend to generate more persistent responses across the system, 692 

suggesting that economic disturbances propagate through multiple channels within the 693 

agricultural production network. Overall, the results show that dynamic adjustment is not 694 

uniform across variables, but varies according to the source and direction of shocks. 695 

Overall, the persistence analysis highlights that the interaction between agricultural 696 

production, price dynamics, and methane emissions is characterized not only by immediate 697 

responses but also by medium-run propagation effects. The half-life metric therefore 698 

provides a useful quantitative indicator of how long shocks remain influential within the 699 

economic–environmental system. 700 

 701 

5. Discussion 702 

The present study provides a dynamic environmental monitoring and assessment of 703 

methane emissions in Southeast Asian rice production systems. By combining long-term 704 

trend analysis with a panel VAR-based dynamic assessment, the findings show that rice-705 

related methane emissions cannot be adequately characterized by annual emission totals 706 

alone. Methane is a major component of near-term climate forcing, and agricultural 707 

methane from flooded rice cultivation remains an important target for climate mitigation 708 

and environmental monitoring (Saunois et al., 2020; IPCC, 2021). In this context, the 709 

results demonstrate that rice production systems should be evaluated not only in terms of 710 

production growth or annual emission inventories, but also in terms of emission trends, 711 

intensity changes, and the persistence of dynamic responses. 712 

The trend analysis provides a useful baseline for environmental monitoring. The 713 

Mann-Kendall test and Sen's slope estimator revealed that methane emission trajectories 714 

differed across the three countries. Methane emissions declined in Indonesia, increased in 715 

the Philippines, and showed no statistically significant trend in Viet Nam. This 716 

heterogeneity indicates that methane-related environmental pressure is not uniform across 717 

Southeast Asian rice systems. Such country-specific variation is consistent with broader 718 

evidence that rice methane emissions are shaped by differences in water regimes, 719 

production intensity, organic amendments, residue management, and environmental 720 

conditions (Yan et al., 2005; Linquist et al., 2012; Qian et al., 2023). Therefore, regional 721 

monitoring strategies should avoid treating Southeast Asian rice systems as a homogeneous 722 

emission source. 723 
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A particularly important result is that methane emission intensity decreased in all 724 

three countries. This suggests that methane emissions per unit of rice production have 725 

declined over time, indicating improvement in emission performance or production 726 

efficiency. However, the divergence between total methane emissions and emission 727 

intensity is also important. The Philippines showed increasing total methane emissions 728 

despite declining emission intensity, suggesting that production expansion may offset 729 

efficiency gains. This finding is consistent with the broader food-system literature showing 730 

that agricultural production and associated supply-chain activities remain major 731 

contributors to greenhouse gas emissions even when efficiency improves (Tubiello et al., 732 

2021). For environmental assessment, both absolute emissions and intensity-based 733 

indicators should therefore be monitored simultaneously. 734 

The dynamic response analysis further indicates that methane emissions are 735 

embedded within a broader agricultural system. Production and price-related shocks 736 

generated responses in methane emissions, and methane-related shocks also contributed to 737 

variation in agricultural indicators. Although some impulse responses were modest or 738 

statistically weak over parts of the forecast horizon, their patterns indicate that emission 739 

behavior is not independent of agricultural production conditions. This interpretation is 740 

consistent with regional and global assessments showing that paddy-rice methane 741 

emissions depend on management and production-related factors, and that emission 742 

estimates can vary substantially across water management scenarios and spatial settings 743 

(Zhang et al., 2016; Ouyang et al., 2023). 744 

The forecast error variance decomposition provides additional evidence that the 745 

sources of methane emission variability may change across horizons. In the short run, 746 

variable-specific innovations dominate, which is expected for annual country-level 747 

environmental data. Over medium-run horizons, however, cross-variable contributions 748 

become more visible. This pattern suggests that monitoring methane emissions requires 749 

attention not only to the emissions series itself but also to agricultural production and 750 

market-related indicators that may indirectly shape emission pressure. In environmental 751 

monitoring terms, FEVD provides a decomposition of dynamic uncertainty and helps 752 

identify whether emission variability is primarily own-driven or linked to broader 753 

agricultural system changes (Lutkepohl, 2005; Diebold and Yilmaz, 2012). 754 

The persistence analysis provides an additional contribution by translating dynamic 755 

responses into interpretable monitoring indicators. The half-life results show that some 756 

responses dissipate quickly, whereas others persist for longer periods. This distinction is 757 

important because short-lived fluctuations and persistent emission pressure imply different 758 

monitoring and mitigation needs. Short half-life values may indicate temporary 759 

disturbances, while longer half-life values suggest that shocks remain influential over 760 

multiple years. This persistence perspective complements standard impulse response 761 

analysis and is useful for identifying whether environmental pressure is transitory or 762 

sustained over medium-run horizons (Kilian, 1998; Phillips and Spencer, 2011). 763 

The results also have implications for sustainable rice-sector management. The 764 

observed decline in methane emission intensity is encouraging, because it suggests 765 
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improvements in emission performance relative to production. However, declining 766 

intensity alone may not be sufficient if total production expands rapidly. Water 767 

management practices such as alternate wetting and drying have been widely identified as 768 

important methane mitigation options, although their effects may depend on local 769 

conditions and potential trade-offs with nitrous oxide emissions or yield stability (Jiang et 770 

al., 2019; Qian et al., 2023). Therefore, countries with increasing total methane emissions 771 

may require policies that combine production efficiency, water management, residue 772 

management, and long-term monitoring. 773 

The country-specific findings are particularly relevant for environmental 774 

assessment. Indonesia showed declining methane emissions and declining emission 775 

intensity, suggesting that total emission pressure and intensity-based indicators moved in 776 

the same direction. Viet Nam showed no significant trend in total methane emissions but a 777 

decline in emission intensity, suggesting relative improvement in emission performance. 778 

The Philippines showed rising total methane emissions despite declining intensity, 779 

indicating a possible scale effect associated with production growth. These contrasting 780 

patterns show why environmental monitoring should report both total emissions and 781 

intensity-based indicators rather than relying on a single metric. 782 

Methodologically, the combined use of trend analysis and dynamic multivariate 783 

assessment provides a useful framework for environmental monitoring. Trend analysis 784 

identifies whether methane emissions and agricultural indicators exhibit significant long-785 

term directional changes, whereas the panel VAR framework evaluates delayed 786 

interactions, feedback relationships, and persistence. This combined approach is 787 

particularly relevant for country-level monitoring, where annual data may not support 788 

highly detailed field-level causal inference but can still provide valuable evidence on 789 

system-level environmental pressure. 790 

Several limitations should be acknowledged. First, the analysis uses annual 791 

country-level data and therefore cannot capture subnational heterogeneity in water 792 

management, soil conditions, rice varieties, irrigation infrastructure, fertilizer application, 793 

or residue management. Second, methane emissions are evaluated at an aggregate level, so 794 

the results should be interpreted as system-level monitoring evidence rather than field-level 795 

causal estimates. Third, the panel VAR framework captures dynamic associations and 796 

persistence, but it does not identify specific biogeochemical pathways of methane 797 

generation. Future research could integrate national monitoring data with remote sensing, 798 

field measurements, irrigation indicators, and management-practice information to 799 

improve the spatial and mechanistic interpretation of methane emission persistence 800 

(Ouyang et al., 2023; Qian et al., 2023). 801 

Overall, the findings demonstrate that rice-related methane emissions in Southeast 802 

Asia are characterized by heterogeneous trends, declining emission intensity, and dynamic 803 

interdependence with agricultural system variables. These results support the use of 804 

environmental monitoring frameworks that combine trend detection, intensity assessment, 805 

and dynamic response analysis. Such an approach can help distinguish between temporary 806 
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fluctuations and persistent environmental pressure, and may provide useful evidence for 807 

designing long-term methane mitigation and sustainable rice management strategies. 808 

6. Conclusion  809 

This study assessed methane emission dynamics in Southeast Asian rice production 810 

systems using an integrated environmental monitoring framework that combines long-term 811 

trend analysis with dynamic multivariate assessment. Using annual data for Indonesia, Viet 812 

Nam, and the Philippines from 2000 to 2023, the study examined methane emissions, 813 

methane emission intensity, rice production indicators, and price-related variables to 814 

evaluate both long-term directional changes and medium-run dynamic responses. 815 

The first major finding is that rice-related methane emissions exhibited clear 816 

country-specific patterns. Methane emissions declined significantly in Indonesia, increased 817 

significantly in the Philippines, and showed no statistically significant trend in Viet Nam. 818 

In contrast, methane emission intensity declined across all three countries, indicating 819 

improved emission performance relative to rice production. This divergence is an 820 

important finding because it shows that declining emission intensity does not necessarily 821 

imply declining total emissions. In particular, the Philippines showed increasing total 822 

methane emissions despite declining emission intensity, suggesting that production 823 

expansion may offset efficiency gains. 824 

The second major finding is that methane emissions are not isolated annual 825 

environmental outcomes. The dynamic analysis showed that methane emissions are linked 826 

to rice production and price-related variables through delayed and persistent adjustment 827 

processes. Forecast error variance decomposition and persistence measures indicated that 828 

production- and market-related factors contribute to methane emission dynamics over 829 

medium-run horizons. These results suggest that methane emissions should be monitored 830 

as part of a coupled rice production–emission system rather than as standalone emission 831 

totals. 832 

The added value of this study is that it integrates three dimensions of environmental 833 

monitoring that are often examined separately: long-term emission trends, emission 834 

intensity performance, and medium-run response persistence. The Mann–Kendall test and 835 

Sen’s slope estimator identify whether methane-related environmental pressure is 836 

increasing, decreasing, or stable over time, while the dynamic multivariate framework 837 

evaluates how shocks propagate through the system and how long their effects remain 838 

influential. This combined approach provides a more complete assessment of agricultural 839 

methane emissions than analyses based only on annual inventories, static correlations, or 840 

short-run responses. 841 

These findings have practical implications for sustainable rice-sector management 842 

and methane mitigation. Monitoring systems should track both absolute methane emissions 843 
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and emission intensity, because improvements in emission performance may be offset by 844 

production growth. Policies should also consider medium-run persistence, since emission 845 

responses may continue beyond the initial production or market disturbance. Although this 846 

study is based on annual country-level data and cannot capture field-level management 847 

mechanisms, it provides evidence that integrated dynamic environmental monitoring can 848 

support long-term strategies for sustainable rice production, methane mitigation, and 849 

climate-related agricultural management.  850 
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 954 

Appendix A 955 

Derivation of the Shock Half-Life Metric 956 

Let ߰ℎ denote the impulse response of variable y to a structural shock at horizon h. 957 

The impulse response function (IRF) is defined as 958 

߰ℎ = ௧ߝ௧+ℎ߲ݕ߲  959 

where ߝ௧ repsilon_tεt represents a structural innovation. 960 

Let 961 ߰0 962 

denote the impact response of the system. 963 

The half-life of a shock is defined as the smallest horizon h such that the magnitude of 964 

the response declines to half of its initial value: 965 ܪ = ݉݅݊{ℎ: |߰ℎ| ≤ 0.5|߰0|} 966 

Under the stability condition of the VAR system, the impulse responses can be written as 967 ߰ℎ =  968 ܤΦℎܥ

where 969 
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• Φ is the companion matrix 970 

• C selects the variable of interest 971 

• B maps structural shocks into the system. 972 

Because all eigenvalues of Φ lie inside the unit circle, we have 973 Φℎ ⟶ ℎ ݏܽ 0 ⟶ ∞ 974 

and therefore 975 |߰ℎ| ⟶ 0 976 

which guarantees that a finite half-life exists. 977 

In empirical implementation, the estimator is computed from the estimated impulse 978 

responses: 979 ̂ܪ = ݉݅݊{ℎ: |߰̂ℎ| ≤ 0.5|߰̂0|} 980 

This metric summarizes the persistence of dynamic shocks and provides a direct measure 981 

of adjustment speed. 982 

 983 
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