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Abstract

While many countries worldwide have shown a trend toward restraint in applying agricultural price
interventions, these policies are still employed intermittently by the Thai government with potential
adverse consequences for economic sustainability over the longer term. In the current work, which
examines the cassava price intervention policy from 1981 to 2024 in Thailand through a supply and
demand framework, the authors estimate a Dynamic Simultaneous Equation Model (DSEM) via the
Lag-Augmented Three-Stage Least Squares (LA-3SLS) approach in order to measure the welfare
effects of these interventions. The results indicate that the policy mainly reallocates welfare among
market participants rather than enhancing economic efficiency. Producers experience temporary
gains during intervention years, but these gains fade once the policy is withdrawn, leaving long-run
total surplus largely unchanged. After accounting for fiscal costs, the program generates a net welfare
loss, indicating that the policy does not contribute to long-term economic sustainability. To support
progress toward the Sustainable Development Goals (SDGs), policy should shift from direct price
controls to income-stabilization instruments and productivity-enhancing measures. The welfare-
based dynamic framework developed in this study provides a sustainability metric for evaluating
the long-term consequences of price-intervention policies and offers evidence to support the design
of more sustainable policy tools.

Keywords: agricultural price policy; sustainability metrics; economic welfare; lag-augmented three-
stage least squares (LA-3SLS); simultaneous equation model; supply and demand; sustainable
development goals

1. Introduction

Agricultural price intervention policies have long served as fundamental instruments through
which governments stabilize farm incomes, correct market failures, and safeguard national food
security [1-3]. These policy measures, ranging from price supports and pledging schemes to export
restrictions, aim to protect farmers from excessive market volatility while maintaining affordable
food prices for consumers. Over several decades, such interventions have remained among the most
influential mechanisms used to balance income equity, market efficiency, and long-term economic
sustainability in the agricultural sector.

Since the 1980s, many advanced economies, particularly those within the European Union (EU)
and the Organisation for Economic Co-operation and Development (OECD), have gradually
transitioned from direct price interventions toward more market-oriented policy frameworks. This
transition has been driven by concerns over fiscal pressures, trade distortions, and sustainability
challenges [4,5]. Agricultural economists have extensively analyzed the welfare implications of these
reforms, noting that price stabilization entails a trade-off between equity and efficiency [6-8]. Within
the EU’s Common Agricultural Policy (CAP) and related OECD approaches, export subsidies and
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market-price supports have largely been reduced or supplemented by decoupled income payments
[5,9-11] and rural development programs [12]. At the same time, Japan [13], the United States [14], and
Canada [15] have employed similar strategies involving income-support mechanisms. Together, these
examples suggest a growing trend toward greater financial discipline, market efficiency, and
competitiveness over the longer term [16-18]. However, it remains the case that the use of price
interventions in the developing world can lead to adverse consequences in terms of long-term welfare.

Price interventions remain important in numerous developing economies, with some
administered as an ongoing strategy and others applied as and when necessary. The aims are
typically to ensure the stability of domestic markets and to guarantee incomes for famers. Latin
America has recently seen a withdrawal of many direct intervention policies, although many
countries still maintain certain forms of price support [19]. For Brazil, Chile, and Paraguay, the level
of market price support represents less than 50% of their respective producer support estimates [20].
Price support strategies are also currently in place in Vietnam [21], China [22], and Indonesia [23],
and state purchases of certain commodities are carried out when global market conditions demand
intervention to boost stability. It has been demonstrated empirically that while such measures can
help to avoid threats to incomes over the short term, they can distort market signals when applied
for longer periods, leading to overproduction and the potential for significant financial problems.
Competitiveness is thus undermined along with the structural sustainability of a particular market
[24,25]. However, several studies indicate a different pattern. These studies find that price-
intervention policies, despite distorting market mechanisms, can stabilize domestic prices, enhance
food security, and reduce social inequality [26,27].

Thailand has a long history of intervening on agricultural prices. Government involvement began in
1966 with the introduction of a rice procurement program and has continued for more than six decades
[28]. Over this period, major export-oriented crops, including rice, cassava, rubber, and longan, have been
subject to several price-support measures [29,30]. Among these commodities, cassava has recently become
a renewed focus of government intervention. For the crop year 2024/2025, cassava price-support policies
were reinstated through a fresh-cassava-root purchasing program [31]. Although these recurring
interventions have improved short-term farm incomes [32], their long-term welfare implications remain
insufficiently examined. Existing studies typically rely on qualitative assessments [28,33,34] and lack
empirical evidence concerning long-term economic welfare effects.

A rigorous assessment of such long-term impacts requires a methodological framework capable
of capturing dynamic market adjustments. Previous studies have largely employed comparative-
static econometric models to estimate single-period changes in producer and consumer surplus [35].
While it is convenient to assess welfare effects in the near term using these models, it is not possible
to fully explain the relationships between prices, supply, and demand across different timeframes.
Accordingly, the latest studies have shown a tendency to focus upon dynamic econometric
frameworks which make use of lagged adjustments and feedback [36-38]. The use of such models
addresses temporal concerns and provides greater empirical accuracy when assessing policy
outcomes over multiple periods. Dynamic techniques such as those proposed here have also lent
support to the creation of sustainability metrics which allow long-term efficiency and welfare
outcomes to be evaluated when price intervention policies are implemented. The evidence and
conceptual frameworks which might explain the extent to which sustainability-motivated
interventions can measurably improve welfare are, however, still limited [39].

To extend previous static analyses, our research comprises a quantitative analysis of the effects
upon Thailand’s long-term economic welfare which result from the policy of implementing price
interventions in the cassava market. We make use of a dynamic welfare analysis framework so that
welfare-economic principles can be integrated with sustainability metrics, thereby enabling a
comprehensive assessment of how intermittent interventions influence producers, buyers, and fiscal
burdens. As a result, we are able to evaluate economic sustainability from the perspective of welfare,
thus adding to our collective understanding of the effects of agricultural policy. Policymakers may
be able to apply the findings from this study in formulating agricultural policies which target the
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Sustainable Development Goals, notably SDG 1 (No Poverty) and SDG 8 (Decent Work and Economic
Growth). This study adds validation to the concept of using an integrated econometric framework to
determine whether agricultural price-intervention policies can deliver economic sustainability.

2. Literature Review

2.1. Cassava Market and Price-Intervention Policies in Thailand

According to the Food and Agriculture Organization of the United Nations (FAO), cassava is a
“crop of the 21t century”, with the epithet a reference to its contribution to global food security, and
potential in the growing field of alternative energy [40]. In 2024, Thailand contributed up to 25% of
global exports of cassava and cassava products [41], making it the world leader, and generating
approximately USD 3.4 billion in export revenues [42]. There are around 640,000 households in
Thailand involved in cassava root production, and cassava cultivation is concentrated in the
northeast of the country, accounting for around 57% of all harvested areas [43]. In addition to exports,
cassava is also a critical domestic crop used for food, animal feed, and the bioenergy sector, making
it a crucial part of the agri-industrial value chain in Thailand [44].

Although cassava plays a key role in the Thai economy, prices have traditionally been volatile
[45], with fluctuations reflecting global economic changes, especially in the case of economic
conditions in the countries which are major importers of cassava [46]. During the period from 1981
to 2024, there has been significant variation in the farm-gate price of fresh cassava roots, from as high
as 3,257 THB/ton to as little as 994 THB/ton (Appendix A.1). Farmers have borne the brunt of losses
attributable to these price fluctuations, while periods characterized by low prices have triggered
interventions from the state. Cassava is a critical crop supporting the rural economy, as well as a
cornerstone of national food security, so Thailand has frequently acted to defend the interests of
farmers and rural communities by seeking price stability.

Thailand first intervened in the market for fresh cassava roots in the crop year 1999/2000 through
the formation of the Cassava Pledging Scheme. This scheme allowed farmers to pledge their fresh
cassava roots to factories under the program, which would duly produce chips and starch. Processing
and storage costs were paid by the government, with pledging prices set at around 10-20% under the
market price, in line with accepted pledging mechanism principles. From the crop year 2003/2004,
however, the pledging price was raised to exceed market prices, turning the scheme into a direct
procurement program since it allowed farmers to earn more from the state than they could expect
through the market. In the crop year 2011/2012, the government introduced the Cassava Income-
Guarantee Scheme, which compensated farmers directly when the reference price fell below the
guaranteed threshold. More recently, during the crop year 2024/2025, the government implemented
a localized fresh-cassava purchasing program. This pilot initiative targeted specific regions where
market prices were lower than in other provinces [31].

Table 1 provides an overview of Thailand’s cassava price-intervention policies implemented
during 1981-2025. Among these measures, the Cassava Pledging Scheme was adopted most
frequently (11 years), followed by the Income-Guarantee Scheme (6 years). In 2025, the government
launched a geographically limited fresh-cassava purchasing program rather than a nationwide
intervention. The present study focuses solely on evaluating the welfare effects of the Cassava
Pledging Scheme. The income-guarantee program is excluded because it does not directly alter
market price formation, while the recent purchasing initiative cannot be analyzed quantitatively at
this stage due to incomplete data.
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Table 1. Thailand’s cassava price policies, 1981-2025.
Price Policy Year No. of Years
No price intervention policy 1981-1999, 2002-2003, 2015-2019, 2024 27
Fresh cassava pledging scheme 2000-2001, 2004-2009, 2012-2014 11
Income guarantee program 2010-2011, 2020-2023 6
Fresh cassava purchasing program 2025 1
Total 45

Source: Compiled by the authors using the Cabinet Resolutions [47] and official press releases.

2.2. Sustainability Assessment and Welfare Analysis

In recent years, economic sustainability has become a central focus in agricultural policy analysis
[39,48-50]. The goals have changed from economic gains in the short term to agricultural
sustainability and viability over the longer term [51]. Sustainability in this context refers to farms
having the ability to demonstrate economic resilience despite changes in policies, the environment,
and the market conditions as prices, yields, market access, and public support all fluctuate [50]. The
reference to the longer term indicates the working life of the farmer and the ongoing activity of the
farming community down the generations, with the aim of sustaining durable farming operations
[52]. The need for sustainability indicators measuring agricultural production and environmental
policy [49,53,54] is being addressed, but few metrics are presently applicable as a means to assess the
sustainability of price policies in agricultural markets.

When agricultural price-intervention policies are implemented, the outcomes in terms of
economic welfare can reflect the effects of the policies upon the actions of producers and customers
as their incentives are manipulated. The measured effects might include adjustments to supply and
demand quantities, market prices and other variables. These adjustments allow researchers to
evaluate the effects of government interventions upon market efficiencies and income distribution.
Indicators typically used to assess welfare outcomes include producer surplus, consumer surplus,
and net welfare [55], but one drawback is that these measures have their origins in static or
comparative-static models which make use of a single time period in estimating the effects of policy
interventions [56-58]. Although these models offer analytical simplicity, they are unable to capture
intertemporal adjustments in prices and quantities [56,57]. A dynamic analytical framework is
therefore required to assess welfare effects over both short- and long-term horizons so that welfare
measures can be integrated as key components of the Sustainability Metrics.

2.3. Econometric Analysis

Early empirical studies often employed single-equation models, such as isolated supply or
demand functions. These models were relatively easy to estimate but could not address the
simultaneity between price and quantity, which frequently resulted in biased and inconsistent
estimators. To address this issue, econometricians developed Simultaneous Equation Models (SEMs).
These models jointly estimate interdependent relationships within the same system. Foundational
contributions were provided by Haavelmo [59], followed by developments from Theil [60], Basmann
[61], Sargan [62], and Zellner and Theil [63], who introduced the Three-Stage Least Squares (3SLS)
estimator to improve efficiency under cross-equation error correlations [64].

Static SEMs, however, provide only a partial description of dynamic market adjustments. In long-
term datasets, non-stationary variables are frequently observed. Estimating such systems without
addressing non-stationarity may result in spurious regression, a problem highlighted by Granger and
Newbold [65] and Phillips [66], and commonly encountered when level variables do not exhibit
cointegration. To address these concerns, researchers have frequently applied Vector Autoregressive
(VAR) or Vector Error Correction Models (VECM) in differenced form, as well as Autoregressive
Distributed Lag (ARDL) models in single-equation settings [67]. Although these approaches
appropriately handle non-stationarity, they require transforming key variables into first differences.
This transformation prevents direct interpretation at the level of real prices and real quantities, and as
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aresult, the models do not effectively allow integration of the supply and demand functions to calculate
producer and consumer surplus, which would be critical for our welfare analysis.

The solution lies in the use of the Dynamic Simultaneous Equation Model (DSEM), which has
similar structural rigor to SEMs while adding the dynamic element of temporal flexibility through the
use of lagged endogenous and exogenous variables. This enables the DSEM to incorporate market
changes across different time frames, while variables remain in level form rather than in differenced
form. The DSEM is therefore the ideal tool if welfare analysis is to be conducted on the basis of supply
and demand curves integration using real prices and quantities. The DSEM also takes into account both
endogeneity and cross-equation correlation by integrating instrumental-variable system estimation,
and this has the effect of increasing the robustness of the resulting parameter estimates [68,69].

The DSEM can be employed using various estimation approaches, such as Two-Stage Least Squares
(2SLS), Three-Stage Least Squares (3SLS), and Full-Information Maximum Likelihood (FIML). However,
stationary variables are typically used in all of these techniques, which serve to limit the lag structure.
Hsiao and Wang [69] proposed an approach which might overcome this challenge in the form of the Lag-
Augmented Three-Stage Least Squares (LA-3SLS) estimator. A conventional 3SLS framework is
augmented by an additional lag order, indicated by (p + dyqx), for each of the variables. This process
allows system equations to be estimated in level form, even when non-stationary variables are involved,
while the resulting estimators retain their asymptotic validity. While differenced variables are necessary
for the VAR, VECM, or ARDL models, LA-35LS is better suited to assessing the dynamic effects on welfare
of agricultural price interventions over the longer term from a statistical perspective.

2.4. Lag-Augmented Three-Stage Least Squares (LA-3SLS)

Dynamic Simultaneous Equation Models (DSEMs) which contain mixed integration orders, in
particular the I(0) and I(1) processes, can be estimated via the LA-3SLS estimator. Asymptotic
validity is maintained through system augmentation using additional lag terms, while preliminary
cointegration testing is not required. Toda and Yamamoto [70] initially proposed the notion of lag
augmentation in order to deliver an inference framework to reliably examine dynamic systems where
non-stationary or cointegrated variables are present. The technique expands upon the regular Vector
Autoregressive (VAR) approach by determining the optimal lag length (p) for the model on the basis
of information from AIC, SIC, or HQ. Then the system undergoes augmentation by a further number
of lags equivalent to the highest order of integration among the variables, indicated as d;4y-

The specification obtained isa (p + d,qx)-order VAR, whereby the augmented lag term coefficients
are restricted to zero. The extra lags allow consideration of the unit root and long-run cointegration effects
in the lag structure. Within the Toda and Yamamoto framework, lag augmentation is applied uniformly
to the complete vector of endogenous variables in the reduced-form VAR. As a result, endogenous
variables can all undergo symmetrical treatment as jointly determined processes. Under this approach,
the endogenous and exogenous blocks are not treated differently; the focus instead is upon ensuring valid
Wald-type inference in the case of joint parameter constraints in level VARs, even where integration or
cointegration can be observed in the underlying time-series data.

This principle was applied by Hsiao and Wang [69] to Structural Dynamic Models (SDMs) in
the creation of the LA-3SLS estimator. Within this framework, each structural equation is augmented
by including additional d,,,, lags of all relevant variables beyond those specified in the original
model. The coefficients of these augmented terms are constrained to zero. Lag augmentation is
applied to endogenous variables up to (p + d4y), Whereas exogenous variables are augmented only
up to dpay, Or not at all, in order to mitigate over-parameterization [71]. This distinction separates
the LA-3SLS approach from the Toda and Yamamoto procedure, which augments solely the
endogenous vector in the reduced-form VAR.

In the extended LA-3SLS setting, lag augmentation is implemented within every structural
equation, consistent with the simultaneous-equation representation of SDMs in which endogenous
variables are jointly determined and exogenous regressors may transmit dynamic feedback effects
across equations. Although the system is estimated as a (p + d;;,4x)-order model, statistical inference
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and hypothesis testing are conducted exclusively on the parameters associated with the original lag
length, from lag 1 to lag p. The augmented lag terms, from (p + 1) to (p + dy4x), Serve only a technical
role: they ensure the validity of asymptotic distributions of test statistics and guarantee that the
estimators of economically meaningful parameters remain consistent and asymptotically normal. As
a result, standard chi-square-based hypothesis testing remains valid.

This framework effectively avoids the non-standard asymptotic distributions that emerge when
non-stationary endogenous variables interact within simultaneous systems. It also preserves the
efficiency of structural estimation while maintaining valid statistical inference in settings that include
integrated or cointegrated variables. Overall, the LA-35LS methodology offers both theoretical rigor
and practical robustness for estimating complex structural dynamic models and is well suited for
applications involving policy evaluation in dynamic economic environments.

3. Materials and Methods

In this section, the principal data sources are described along with an explanation of the
econometric framework used in evaluating the effects of the Thai cassava price-intervention policy
on welfare outcomes. This analysis employs a dynamic econometric approach which allows market
changes in both the shorter and longer time frames to be taken into consideration.

3.1. Data Collection

Table 2 summarizes all variables used in the Dynamic Simultaneous Equation Model (DSEM),
including their definitions, measurement units, and data sources, which together form the empirical
foundation for analyzing the long-run behavior of Thailand’s cassava market. Secondary time-series
data for 1981-2024 were obtained from the Office of Agricultural Economics (OAE) [43,72],
Department of Internal Trade (DIT) [73], Bank of Thailand (BOT) [74], Thai Tapioca Trade Association
(TTTA) [75], and the Secretariat of the Cabinet (SOC) [47], representing reliable and consistent
datasets that span more than four decades of structural market developments. All price variables
were converted into constant 2023 values using the Consumer Price Index (CPI, 2023 = 100) from the
Office of Trade Policy and Strategy (TPSO) [76] to remove inflationary effects and ensure
comparability in dynamic welfare computations.

Table 2. Description of variables in DSEM and data sources.

Variable Definition Unit Source
Endogenous Variables
Qs Quantity of cassava roots supplied in period t tons OAE [43]
Qp,t Quantity of cassava roots demanded in period t tons OAE [43]
Prcrt Farm-gate price of fresh cassava roots (constant 2023 values) THB/ton OAE [72]
Pweet Wholesale price of cassava chips (constant 2023 prices) THB/ton DIT [73]
Pysrt Cassava starch wholesale price (constant 2023 values) THB DIT [73]
Exogenous Variables
AREA; Harvested area of cassava hectares OAE [43]

Time trend representing technological progress

TIME - -
‘ [TIME =0 for 1981, TIME = 1 for 1982, ..., TIME =43 for 2024]
Dpins Dum.my' variable.for cas?qava pledging scheme .years . Dummy SOC [47]
[0 = no price-intervention policy, 1 = price-intervention policy]
Pwenye Wholesale price of corn (constant 2023 values) THB/ton DIT [73]
Prcey Export price (FOB) of cassava chips (constant 2023 values) USD/ton TTTA [75]
Pgsr e Export price (FOB) of cassava starch (constant 2023 values) USD/ton TTTA [75]
THBUSD, Exchange rate between Thai baht and US dollar THB/USD BOT [74]

The policy dummy variable was coded as Dp;p, =1 for years in which the fresh cassava pledging
scheme was implemented and Dp;p, = 0 otherwise, including years under the income-guarantee
program, which provides direct compensation (direct payments) without altering market-clearing prices,
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and therefore is not considered a price-intervention instrument. Additional variables, such as harvested
area, export prices, competing commodity prices, and the exchange rate, were included to capture key
supply-demand determinants and price-transmission channels identified in the agricultural economics
literature.

3.2. Data Analysis

The impacts of Thailand’s cassava price-intervention policy are assessed using a dynamic
econometric framework that captures short-run and long-run adjustments in supply and demand within
a partial-equilibrium context. Analysis of the fresh cassava root pledging scheme considers the policy to
work by shifting supply, and thus affecting market behavior. The effects are then measured using a system
of structural simultaneous equations, which produce parameter estimates capable of determining the
welfare indicators of producer surplus, consumer surplus, and total surplus. These values can be derived
from integrating the long-run demand and supply curves. EViews 9 was used for all statistical analyses.

Our analysis has six steps: (i) pre-estimation diagnostics; (ii) optimal lag-length selection; (iii)
Dynamic Simultaneous Equation Model (DSEM) specification and estimation; (iv) post-estimation
diagnostics; (v) determination of the long-run equilibrium, and finally (vi) welfare measurement. A
summary of the procedure can be seen in Figure 1.

4 )
1. Pre-Estimation Diagnostics
- Normality Testing
- Stationarity Testing
v
(
2. Optimal Lag-Length Selection
- AIC, SC, HQ Criterion
- LR-test
\_ J
v
e N
3. Specification and Estimation of
DSEM
\ y,

v
4 )

4. Post-Estimation Diagnostics

- Autocorrelation
- Heteroskedasticity
- Multivariate Normality
\__ J
{ ‘ N

5. Long-Run Equilibrium

v

6. Welfare Measurement

Figure 1. Dynamic welfare analysis workflow.
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In the first of these steps, initial diagnostic checks are carried out, testing both normality and
stationarity. The data were demonstrated to follow a normal distribution, and therefore the dataset
could be considered suitable for inferential statistical analysis. Stationarity testing helps to avoid
irrelevant findings which might occur due to non-stationary time-series processes.

In the next stage, the optimal lag structure is chosen, utilizing AIC, SC, and HQ along with likelihood
ratio tests. It is important to make use of accurate lag selection in the lag-augmentation process so that the
structural model can retain its internal consistency through the estimation procedure.

Following identification of the lag structure, the DSEM can be specified and subsequently estimated.
In this study, the equations in question encompass supply and demand, farm-gate price transmission,
chip price and starch price formation, and market-clearing conditions. Endogeneity and cross-equation
correlation are covered by the LA-35LS estimator, which also takes into consideration the existence of non-
stationary variables while valid statistical inference can be maintained.

Prior to the construction of long-run equilibrium relationships, the adequacy of the model is
verified via post-estimation diagnostic tests which examine serial correlation, heteroskedasticity, and
the multivariate normality of the residual vector. It is important to carry out such checks to ensure
the parameter estimates employed for long-run analysis are reliable. Should these assumptions be
broken, the interpretation of market mechanisms may no longer be valid.

Once the diagnosis of the system is complete, long-run demand and supply interactions under
steady-state conditions can be derived using the coefficients estimated from the DSEM, and equilibrium
outcomes can then be calculated under both policy and non-policy circumstances using information about
these relationships. The producer surplus, consumer surplus, and total surplus can be determined via the
integration of inverse demand and inverse supply functions. When fiscal costs are also taken into
consideration it is possible to present a thorough overview of net social welfare.

3.3. Pre-Estimation Diagnostics

The current research makes use of the Jarque-Bera statistic to evaluate the distributional
properties of the stochastic variables. This approach is able to test for skewness and kurtosis
deviations from the normal distribution. For analysis purposes, the null hypothesis holds that the
series follows a normal distribution, with zero skewness while the kurtosis value is three. The
alternative hypothesis holds that the series distribution is not normal, indicated by skewness and
kurtosis values which are not zero and three, respectively. Performance of this diagnostic evaluation
allows a data generation process which aligns with the distributional assumptions that are necessary
in estimating the required simultaneous equations.

This study uses a dataset comprising time-series observations so the stationarity properties of
the different variables must be determined prior to conducting the econometric estimation stage. It
is common for time-series variables to demonstrate non-stationary characteristics which might lead
to irrelevant regression outcomes and the problem of statistical inference. To prevent this issue, unit
root testing was carried out for all variables, thus establishing the respective orders of integration.

To evaluate the stochastic qualities of the series, the Augmented Dickey-Fuller (ADF) test created by
Dickey and Fuller [77,78] was employed. The ADF procedure evaluates three alternative specifications of
the data-generating process in levels: a random walk without drift, a random walk with drift, and a
random walk with drift and a deterministic trend. These specifications are expressed as:

p
AXt = th + z 6iAXt—1 + gt (1)
i=1
14
AXt =a+ th + Z (sl'AXt—l + gt (2)
i=1
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p
AXt =a+ Bl + th + Z 6iAXt—1 + &t (3)
i=1
The hypothesis structure is:

e  Hy:y = 0, which indicates the presence of a unit root and therefore non-stationarity
e  H;:y # 0, which indicates stationarity

Rejection of Hy occurs when the test statistic exceeds the absolute value of the critical value at
conventional significance levels. In this case, the variable is considered stationary. Failure to reject
H, suggests that the series remains non-stationary. All ADF tests were conducted prior to model
estimation to ensure that the subsequent dynamic and simultaneous-equation analyses yield valid
and reliable inferences.

3.4. Determination of the Optimal Lag Length

Following the stationarity assessment in Section 3.3, the next step involved identifying the
optimal lag length p for the time-series variables to ensure that the dynamic structure of the data is
appropriately represented before specifying the DSEM. The lag structure was determined using three
widely recognized information criteria: Akaike’s Information Criterion (AIC), the Schwarz or
Bayesian Information Criterion (SC or BIC), and the Hannan-Quinn Criterion (HQ). The use of these
criteria allows a balance to be achieved between model fit and parsimony, since complexity is avoided
where it is not required.

Lag selection can be made more robust by applying the Likelihood Ratio (LR) test, as suggested
by Toda and Yamamoto [70] and Hsiao and Wang [69], whose guidance emphasizes the significance
of ensuring the accuracy of lag determination when using dynamic econometric models. DSEM
construction, which is described in Section 3.5, makes use of the optimal lag length as determined by
these criteria as the key input. The DSEM plays a vital role in long-run parameter estimation and the
welfare analysis which follows.

3.5. The Dynamic Simultaneous Equation Model (DSEM)

A system comprising six structural dynamic equations is developed to represent the dynamic
interactions which take place in the Thai cassava market. These equations encompass the changes
attributable to supply and demand responses, price transmission mechanisms, and market clearing
conditions. The Lag-Augmented Three-Stage Least Squares (LA-3SLS) estimator [69] is used to
estimate the DSEM. This estimator extends the conventional 3SLS method by incorporating
additional lag terms to ensure valid statistical inference in dynamic simultaneous equation systems
that may contain non-stationary or cointegrated variables. Through this approach, consistent and
efficient estimation of the interdependent relationships among cassava market variables is achieved
within a unified structural system.

Following the procedure of Hsiao and Wang [69], and consistent with the lag-augmentation
method introduced by Toda and Yamamoto [70], each structural equation is augmented by additional
lags up to the maximum integration order (d;q) beyond the optimal lag length p. Lag
augmentation is applied to the endogenous variables up to (P + djuqy ), wWhereas exogenous
variables are augmented only up to dy,4y, Or in some cases not augmented, in order to avoid over-
parameterization. The coefficients associated with these augmented lagged terms are constrained to
zero. This restriction ensures that Wald-type test statistics follow their correct asymptotic
distributions, preserving the long-run equilibrium properties of the structural system, and allowing
standard chi-square-based hypothesis testing to remain valid without requiring prior cointegration
testing. As a result, the simultaneous equation estimator remains efficient even under dynamic and
potentially non-stationary conditions.
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3.5.1. Supply Equation for Cassava Roots (Farm-Gate Level)

k
Qst = a1 + P10Qs,—1 + P2Prcrt-1 + 6Dpip s + Z B3iZit
p+dmax =l 4)

+ Z (‘P1jQS.t—j)+€1t
j=2

Cassava requires six to twelve months from planting to harvest, which prevents farmers from
adjusting current output in response to contemporaneous price movements. Consequently, supply
decisions depend on expected prices derived from past information. This feature justifies the use of
a dynamic decision-making framework that captures intertemporal adjustments between expected
and realized prices. The present study adopts the Cobweb theory originally proposed by Ezekiel [79],
consistent with the approaches of previous studies [80-82], in which farmers are assumed to form
naive expectations by forecasting future prices based on the price observed in the preceding year.

Equation (4) operationalizes the Cobweb mechanism and represents both short-run and long-
run supply responses. The lagged supply term Qs._; reflects adaptive production adjustment, while
Prpcr¢—1 captures expected price formation through partial adjustment. The variable Dpjp, isa policy
dummy that identifies years during which the fresh cassava pledging scheme was implemented as a
price-intervention policy. The vector of exogenous variables Z;, defined later in the empirical
section, includes harvested area, rainfall, fertilizer prices, labor, and a time trend that serves as a
proxy for technological progress.

The additional lagged supply terms Qs._; are included solely for lag augmentation. While the
coefficients f5; measure economic effects, the augmented-lag coefficients ¢;; serve only statistical
purposes within the LA-3SLS estimation and do not carry economic interpretation. This specification
ensures valid asymptotic inference when endogenous variables exhibit mixed orders of integration.

3.5.2. Demand Equation for Cassava Roots (Farm-Gate Level)

P+dmax
Qp,t = @2 — V1Ppcr,: T z (92jQp,t-j + ©3Prcre—j) + €2t (5
=1

Equation (5) models domestic demand responses to farm-gate price changes. The parameter Y4
measures the effect of the cassava root farm-gate price on demand and is expected to be negative.
Lag-augmented terms for both demand and price variables extend from t —1 to P + dpyax,
consistent with the lag-augmentation procedure.

3.5.3. Cassava Price Transmission Equation at the Farm-Gate Level

Prcre = a3 +v,Pwee, + V3 Pwsr,

P+dmax (6)

+ Z (04jPrcri—j + ©sjPwect—j + PojPwsti—j) + €3t
=

In Equation (6), Pgcg,, is the farm-gate price of fresh cassava roots, Py, ¢c, is the wholesale cassava
chip price, and Py g7, is the wholesale cassava starch price. The coefficients Y, and y, capture vertical
price pass-through from the wholesale level to the farm-gate level, illustrating how price signals
originating in downstream markets affect producers. This equation represents the dynamic pathways
through which processing sector and export sector price movements transmit to farmers.
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3.5.4. Wholesale Cassava Chips Price Equation

Pycet = a4 + B3Pecct + BaPwen,: + BsTHBUSD,

P+dmax

+ Z (P7;Pwec,t-j) + €at
Jj=1

(7)

This equation specifies wholesale cassava chip prices (Pycc¢) as a function of export prices,
competing commodity prices, and the exchange rate. The export price of cassava chips (Pg¢c ) and
wholesale corn price (Py ¢y ) capture substitution and competitiveness effects, while the exchange
rate (THBUSD;) links domestic prices to international markets. A depreciation of the Thai baht
increases export competitiveness and tends to raise domestic wholesale prices.

3.5.5. Wholesale Cassava-Starch Price Equation

k+dmax

Pysrt = as + PePgsr + fTHBUSD, 2 (psjPwsri—j) t&s¢ (8)
j=k+1

Equation (8) models wholesale starch prices (Pys7 ¢) as a function of its export prices (Pggr ¢)
and the exchange rate (THBUSD,), indicating that changes in international starch prices transmit to
domestic markets.

3.5.6. Market Equilibrium Identity

Qs,t = QD,t )

The market-clearing condition equates supply with demand, ensuring internal consistency
within the structural system.

3.6. Post-Estimation Diagnostics

Following the estimation of the DSEM using the LA-3SLS procedure, a series of diagnostic
checks is required to ensure that the estimated structural parameters satisfy the core econometric
assumptions necessary for valid inference. These procedures form an essential component of the data
analysis process before deriving the long-run supply and demand equations that support the
subsequent welfare analysis. Diagnostic assessments focus on autocorrelation, heteroskedasticity,
and the distributional attributes associated with the structural disturbance vector.

Initially, the Portmanteau Q-statistic of Hosking [83] is used to investigate autocorrelation
throughout the system. It is typical for DSEMs to include lagged dependent variables along with
endogenous regressors, which result in serial dependence in the disturbance terms. This kind of
dependence leads to distortion in standard errors, and the instrumental variable estimators may exhibit
lowered asymptotic efficiency. Autocorrelation testing should therefore be performed at the onset of the
study because subsequent procedures are rendered unreliable under conditions of serial dependence.

Following the assessment of autocorrelation, the Breusch-Pagan-Godfrey test [84,85] is used to
determine heteroskedasticity. The process is able to identify the incidence of non-constant error
variance arising in individual structural equations. It is crucial to manage heteroskedasticity during
instrumental-variable and LA-3SLS estimation because the resulting estimators cannot be considered
efficient if the variance-covariance matrix of the disturbances is not correctly specified.

The last stage of the diagnostic process demands assessment of the joint disturbance vector to
test for normality. In line with Liitkepohl [86], a multivariate normality test can be applied on the
basis of the Cholesky orthogonalization of the estimated covariance matrix. This method accounts for
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the cross-equation covariance that characterizes simultaneous equation systems and provides a
rigorous evaluation of the distributional regularity required for system-wide inference.

Taken together, these diagnostic procedures allow an assessment of whether the residual
structure satisfies the assumptions required for valid LA-3SLS estimation. This assessment is essential
for establishing the statistical reliability of the empirical results that follow and for ensuring that the
estimated structural parameters can be used appropriately in the long-run analysis.

Multicollinearity is not considered a diagnostic concern in instrumental-variable simultaneous
equation models because endogenous regressors are replaced by their instrumented fitted values,
and estimation relies on cross-equation covariance rather than within-equation correlations. For this
reason, conventional ordinary least squares diagnostics such as the variance inflation factor (VIF) are
not applicable in this context [87,88].

3.7. Long-Run Equilibrium Determination

After estimating the DSEM using the LA-3SLS estimator, the next step is to derive the long-run
structural supply and demand equations that characterize the steady-state equilibrium of Thailand’s
cassava market. These long-run expressions form the analytical basis for computing producer surplus
(PS), consumer surplus (CS), and total surplus (TS). The additional lagged variables included for lag
augmentation are not assigned economic interpretation. They serve a technical role that ensures valid
asymptotic inference, consistent with the recommendations of Toda and Yamamoto [70] and Hsiao and
Wang [69].

The short-run structural equations for supply and demand are presented in Equations (10) and
(11). In these expressions, the quantities supplied and demanded in period t depend on lagged
output, expected price, and a set of exogenous variables. Harvested area (AREA;) and the time trend
(TIME}) are grouped into the vector of exogenous supply shifters (Z;), while the policy dummy for
price intervention (Dpp ;) is separated from Z; to identify the policy-induced movement in the
supply intercept. The short-run supply equation at the farm-gate level is written as:

Qs¢ = a1+ 1Qst—1 + B2Peoq + 8Dprp s + B3iZ; + €1 (10)
where the vector of exogenous supply variables is defined as:
Zit = ﬁ31AREAt + ﬂngIMEt (11)

To obtain the long-run structural forms, the steady-state conditions are imposed:

Pe=P_y =P, Qst=0Qst-1=0s, Ze =2, E[er,]] =0 (12)
Under these conditions, the long-run supply function becomes:
. 01+ 8Dpip + B3Z + oP°
Qs = 1-5,
The corresponding intercept, evaluated at P* = 0 is:
., o+ 8Dpip + B3Z
Qso = 1- 4,

This result indicates that the price-intervention policy shifts the long-run supply curve vertically

(13)

(14)

by &/(1 — ;). For welfare computation, the long-run supply equation is expressed in inverse form
because integration is performed with respect to quantity. The inverse long-run supply function is:

(1—pB1)Q—(ay + 6Dpp + B3Z2)
B2

Ps(Q) = (15)

The short-run structural demand equation is:

Qpt = az —y1Pr + &3t (16)
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Applying the steady-state conditions yields the long-run demand equation:

Qp = az —y1P° (17)
and its intercept:

Qpo = @z (18)
The inverse long-run demand function is:
* a; —Q
Py (Q) = (19)

1

Market equilibrium is determined by equating the long-run supply and demand equations:
ay; + 8Dpip + B3Z + B P"
1=p
Solving for the long-run equilibrium price yields:
_ (1 —B1)(az — ay — 6Dpip — B3Z)
- Bz + (1= Br1

Substituting this expression into the long-run demand equation gives the equilibrium quantity:

Q" =a; —y,P” (22)

These expressions define the long-run market-clearing point under both policy and non-policy

=a; —y.1P” (20)

P* (21)

regimes. They also provide the computational foundation for welfare analysis. Producer surplus (PS)
is obtained by integrating the inverse supply function P(Q) over the interval [0,Q"]. Consumer
surplus (CS) is computed by integrating the inverse demand function P;(Q) over the same interval.
Total surplus, defined as the sum of PS and CS, enables a consistent comparison of welfare outcomes
between the intervention scenario with Dp;p = 1 and the non-intervention scenario with Dp;p = 0.

3.8. Welfare Measurement

The welfare analysis in this study follows the classical Marshallian framework [89], where
consumer surplus (CS) and producer surplus (PS) are measured as the areas between the demand
and supply schedules in price-quantity space. In this setting, the inverse demand function denotes
the marginal willingness to pay (MWTP), and the inverse supply function represents the marginal
cost (MC) or marginal willingness to accept (WTA) [55,91,92]. Integrating these inverse functions
with respect to quantity yields aggregate benefits and costs up to the long-run equilibrium quantity
(Q"). This foundation supports the welfare assessment of Thailand’s cassava price-intervention
policy. Kim [92] further establishes that welfare measures based on inverse demand systems are valid
when quantities, rather than prices, serve as the exogenous determinants of equilibrium, a condition
characteristic of agricultural markets with slow production adjustments.

In Thailand’s cassava sector, farmers supply fresh roots as the primary output, while processors
and industrial users generate a derived demand for cassava as an intermediate input [93]. According
to the conceptual framework adapted from Zhao, Mullen and Griffith [94], price-intervention
instruments, such as pledging programs and guaranteed minimum prices, raise producer incentives
and shift the long-run supply curve outward, increasing total market quantity and lowering the long-
run equilibrium price under market-clearing conditions. These adjustments create redistributive
welfare effects between producers and buyers.

Producer surplus (PS) is defined using the inverse long-run supply function P§(Q):

Q*

PS = J [P* — P:(Q)]dQ (23)

0
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which can also be written as:
Q*
PS = P*Q* — f P:(Q)dQ (24)
0

with:
(1= pB1)Q—(ay + 6Dpip + f32)

Ps(Q) = (25)
B2
The welfare effect on producers is:
APS = PS, — PS, (26)
Consumer surplus (CS) is computed from the inverse long-run demand function Pp(Q):
0*
cs = [ 1P5@) - P10 @)
0
which can be expressed as:
0"
cs= [ p@de-pro° (28)
0

where:

a, —Q

Pp(Q) = (29)
V1
The change in consumer welfare is:
ACS = €S, — CS, (30)
Total surplus is:
TS =PS+CS 1)
and the welfare effect of intervention is:
ATS = APS + ACS (32)

A positive ATS indicates a net gain, while a negative value implies a net loss. Although the
empirical estimates correspond to an interior equilibrium, the analytical framework also
accommodates corner-equilibrium cases.

To incorporate fiscal costs, the analysis introduces GC, defined as the total budgetary outlays
required for program implementation, including administrative expenses, storage and handling,
monitoring, and operational losses. This follows full-cost accounting practices in agricultural policy
evaluation [95-97]. The net welfare measure is:

ATSper = APS + ACS — GC (33)

A positive value indicates that welfare gains exceed government costs, while a negative value
indicates a net social loss. This approach is consistent with empirical evaluations of agricultural price-
support programs that impose substantial administrative and operational burdens on the public
sector [97].
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4. Results

This section reports the empirical results obtained from the Dynamic Simultaneous Equation
Model (DSEM). The analysis is structured to follow the econometric procedures outlined in Section
3, beginning with pre-estimation diagnostics, the selection of the optimal lag structure, and the
estimation of the full dynamic system. The use of post-estimation tests subsequently serves to verify
the adequacy of the model and guarantee structural parameter reliability. These validated estimates
form the basis for deriving long-run equilibrium relationships and for computing welfare effects
under both policy and non-policy settings. The results presented in Sections 4.1-4.7 therefore provide
a coherent empirical foundation for assessing the long-term economic implications of Thailand’s
cassava price-intervention policy.

4.1. Normality Test Results

The test results of the distributional diagnostics in Table 3 indicate that none of the variables
reject the null hypothesis of normality at the 5% level. For example, the variable Qg, reports a Jarque-
Bera statistic of 4.2830 with a probability of 0.1175, while Prcp, and Pyc. yield probabilities of
0.6180 and 0.4119, respectively. Since all p-values exceed 0.05, the dataset does not exhibit statistically
significant deviations from normality. This conclusion is confirmed by the kurtosis measures. While
Ppcre (2.5714) and Pggre (2.6030) fall a little below the benchmark threshold of 3, they do not
specifically imply heavy-tailed behavior.

Table 3. Distribution and normality tests.

Jarque-Bera

Variable Skew Kurtosis 1B stat p-Value
Qs 0.4691 1.7934 4.2830 0.1175
Prcry¢e 0.2921 2.5714 0.9625 0.6180
Pyece -0.0182 2.0169 1.7742 0.4119
Pysre -0.0262 2.1927 1.2000 0.5488
AREA, -0.0403 2.0170 1.7834 0.4100
Pyen e 0.3144 1.9798 2.6328 0.2681
Prcct -0.0582 2.5355 0.4204 0.8104
Prsre -0.0807 2.6030 0.3368 0.8450
THBUSD, 0.2823 2.0824 2.1282 0.3450

Furthermore, the descriptive statistics lend weight to significant market variability elements. For
instance, a number of price variables are characterized by broad ranges, such as Pysr, (8,190-18,630
THB per ton) and Pycy . (6,760-12,380). Such ranges are indicative of large fluctuations within the
market conditions. In contrast, the close alignment between the mean and median of variables such
as PFCR (mean 1904, median 1901) and Pg¢c, (mean 225, median 239) suggests limited skewness.
Overall, the results indicate that despite economic volatility, the statistical properties of the dataset
remain sufficiently stable to support standard econometric estimation without adjustments for
heavy-tailed distributions.

4.2. Stationarity Test Results

The Augmented Dickey-Fuller (ADF) results reported in Table 4 provide clear evidence
regarding the integration properties of the variables used in the empirical model. Several key price
variables exhibit level stationarity. The cassava farmgate price (Prcg ) rejects the unit root null under
both the intercept and the intercept plus trend specifications, with ADF statistics of -3.7882 and
—4.5239 that are significant at the 1% level (p-value <0.01). The wholesale cassava starch price (Pysr )
is also stationary in levels, as indicated by ADF values of —4.0580 and —4.5709, both significant at the
1% level. By contrast, most quantity variables and several intermediate and export price series are
non-stationary in levels, yet become stationary after first differencing. The supply of cassava roots
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(@s¢) and the harvested area (AREA;) do not reject the unit root null in levels. Both variables reject it
strongly at first differences, with ADF statistics of —7.7721 and -7.6713 for Qs, and —6.5125 and
-6.4123 for AREA, all with p-values equal to 0.0000. The demand for cassava roots (Qp ;) displays an
identical pattern and is therefore classified as I(1).

Table 4. Unit root test (ADF) results.

ADF Statistic

. Tests at Levels Tests at First Differences .
Variable Conclusion
Intercept Intercept & Intercept Intercept &
Trend Trend
Supply of cassava roots -1.7455 -3.0736 ~7.7721 *** —7.6713 *** Qst~1(1)
(p=0.4018) (p=0.1254) (p=0.0000) (p=0.0000)
Cassava harvested area -1.9917 -2.0677 —-6.5125 *** -6.4123 *** AREA; ~ I(1)
(p=0.2893) (p=0.5485) (p=0.0000) (p=0.0000)
Cassava root farm-gate —3.7882 *** —4.5239 *** - - Prcre ~1(0)
price (p=0.0059) (p=0.0041)
Demand for cassava roots -1.7455 -3.0736 =7.7721 *** —7.6713 *** Qpe ~1(1)
(p=0.4018) (p=0.1254) (p=0.0000) (p=0.0000)
Cassava chips wholesale -1.7947 -3.2242 * —7.5205 *** —7.4314 *** Pwece ~1(1)
price (p=0.3781) (p=0.0933) (p=0.0000) (p=0.0000)
Cassava starch wholesale ~ —4.0580 *** —-4.5709 *** - - PWST, ~1(0)
price (p=0.0028) (p=0.0036)
Corn wholesale price -2.2575 -2.7956 -6.1871 *** -6.1332 *** PWCN; ~1(1)
(p=0.1900) (p=0.2067) (p=0.0000) (p=0.0000)
Cassava chips export price -2.5722 -2.2924 —6.4732 *** —-6.5001 *** PECC, ~ I(1)
(FOB) (p=0.1065) (p=0.4289) (p=0.0000) (p=0.0000)
Cassava starch export —-2.8566 —-2.5889 ~7.2174 *** —7.2732 *** PEST, ~I1(1)
price (FOB) (p=0.0590) (p=0.2870) (p=0.0000) (p=0.0000)
-1.7424 -1.5989 -5.3317 *** -5.3021 ***  THBUSD, ~ I(1)
Exchange rate (THB/USD) (p=0.4033) (p=0.7770) (p=0.0001) (p=0.0005)

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

Similarly, the wholesale cassava chips price (Pycc,), the cassava chips export price (Pgcc ), the
cassava starch export price (Pgsr,), and the corn wholesale price (Pycy,) all fail to reject the null
hypothesis in levels but reject it decisively after first differencing. Their first-difference ADF statistics
fall between —7.52 and -6.13, each statistically significant at the 1% level. The Thai baht per U.S. dollar
exchange rate (THBUSD,) also becomes stationary after differencing, with ADF values of -5.3317 and
-5.3021 that confirm an integration order of I(1). The deterministic trend variable, which captures
technical change (TIME,;), and the policy dummy variable (Dp;p ;) are not subjected to unit root testing
because they are non-stochastic regressors, consistent with standard time-series econometric practice
as described in Hamilton [98].

Overall, the updated ADF results indicate a mixed order of integration across variables. The
coexistence of 1(0) and /(1) variables support the application of the LA-3SLS estimator in levels. This
approach allows valid statistical inference without differencing the variables to address non-stationarity.

4.3. Optimal Lag-Length Results

The results of the lag-order selection are presented in Table 5. To carry out the evaluation, the criteria
used, including the Schwarz Criterion (SC), the Hannan-Quinn Criterion (HQ), and the Likelihood Ratio
(LR) test, must be econometrically reliable. Since both SC and HQ penalize model complexity to a greater
degree than AIC, Lag 1 is identified as the optimal specification. At Lag 1, the minimum values of SC
(47.6409) and HQ (47.4252) provide evidence that the inclusion of one lag creates a parsimonious model
which retains the ability to capture the underlying structure of the data. Liitkepohl [85] reported a similar
conclusion, confirming that SC and HQ typically deliver greater stability in the model selection outcomes
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when samples are small or moderate in size. The penalty terms are large enough to deter overfitting,
which can occur with AIC in samples of this magnitude.

Table 5. Lag-order selection results.

Lag LR Stat AIC SC HQ
0 NA 49.3495 49.5184 49.4106
1 80.8698 * 47.3031 47.6409 * 47.4252 *
2 8.8170 47.2439 * 47.7504 47.4270
3 43114 47.3091 47.9846 47.5533
4 1.8979 47.4458 48.2902 47.7511

Note: * indicates lag order selected by the criterion.

The selection of Lag 1 is supported by the LR statistic, since the value for LR of 80.8698 shows
statistical significance at the 5% level when the Lag 1 model is compared to the lag-zero specification.
It can be inferred that the addition of a single lag leads to a significant upgrade to the explanatory
power of the model, but adding further lags has no statistically significant benefit.

Lag 1 can therefore be considered the most suitable lag length on the basis of evidence drawn
from the SC, HQ, and LR tests when the DSEM is to be estimated. The model thus achieves a balance
between parsimony and the ability to represent the dynamic relationships within the Thai cassava
market. Since this optimal lag length p is 1, the LA-3SLS estimation has a lag-augmentation
procedure which serves to extend the endogenous variables as far as (p + dpqy ). When dyq, = 1, the
outcome is a total of 2 lags.

4.4. Estimation Results of the DSEM

Table 6 shows the coefficient estimates from the Dynamic Simultaneous Equation Model
(DSEM), revealing strong statistical significance. These coefficients show an excellent fit with the
economic theory, and suggest that the LA-35SLS estimator is capable of adequately representing the
dynamic structure of the Thai cassava market. The lagged supply variable in the supply equation is
shown to be very significant (8; = 0.536, p < 0.01), which suggests that production levels tend to be
quite persistent, as one might anticipate due to the seasonal pattern of production based on biological
factors as explained in Section 3. A strong positive influence is also exerted by the lagged farm-gate
price, which has its basis in the expected price formation from the cobweb framework (5, =3,213.247,
p <0.01). The pledging scheme policy dummy generates a notable upward supply shift (§ =1.29x10¢,
p < 0.01), which provides clear evidence to cement its status as an instrument which shifts supply.
The observed pattern is reinforced by structural factors, with the area harvested having a powerful
influence upon supply (B3, = 4.589x10, p < 0.01), while a positive effect is also exerted by the time
trend (B3, = 69,604.44, p < 0.05), suggesting that technological advances are increasingly influential
as time passes. The adjusted R? value is 0.8694, which is indicative of strong explanatory power. The
findings fit well with the analytical framework which considers policy intervention to be an
instrument that shifts the supply curve outward over the longer term.

Table 6. DSEM estimation outcomes using LA-3SLS.

Variable Parameter Coefficient t-Statistic p-Value
Equation 1: Cassava roots supply equation (farm-gate level).

Constant ay -3.715 x 100 ** -2.1374 0.0339
Qst-1 B1 0.536 *** 5.2988 0.0000
Prcre-1 B2 3,213.247 *** 4.9917 0.0000
Dpip,t ) 1.290 = 106 *** 2.6830 0.0080
AREA; P31 4.589 x 106 *** 2.8089 0.0055
TIME, B3z 69,604.440 ** 2.0636 0.0405
Qst-2 Q11 0.036 0.3606 0.7188

Adjusted R? 0.8694
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Equation 2: Cassava roots demand equation (farm-gate level).

Constant a, -4.614 x 10° -0.2745 0.7840
Prcpye Y1 —641.019 *** -10.6182 0.0000
Qp,t-1 P21 0.746 *** 5.5269 0.0000
Qp,t-2 P22 0.006 0.0426 0.9661

Prcr-1 P31 4,242.710 *** 5.4319 0.0000
Prcrt—2 P32 -157.003 -0.2237 0.8233
Adjusted R? 0.8294
Equation 3: Cassava price transmission equation (farm-gate level).

Constant as -488.326 ** -2.3521 0.0198
Pyecye Y, 0.181 *** 3.1947 0.0017
Pysre Y3 0.074 *** 3.3607 0.0010

Prcrt-1 P41 -0.188 -1.5912 0.1134
Prcr -2 P42 0.103 1.1544 0.2499

Pweet-1 P51 0.097 1.3375 0.1828

Pweet-2 P52 —0.135 *** -2.5887 0.0104

Pwsre-1 Pe1 0.072 *** 3.4821 0.0006

Pwsri—2 Pe2 -0.017 -0.8467 0.3983

Adjusted R? 0.9013
Equation 4: Wholesale cassava chips price equation.

Constant ay -8,089.335 *** -8.1557 0.0000
Pgece B3 21.920 *** 9.3471 0.0000
Pwent Pa 0.212 *** 4.0429 0.0001

THBUSD, Ps 182.551 *** 7.9553 0.0000

Pwee,t-1 @71 0.048 0.5227 0.6018

Pweet-2 P72 0.187 ** 2.5205 0.0126

Adjusted R? 0.8944
Equation 5: Wholesale cassava starch price equation.

Constant -15,992.460 -6.0049 0.0000
Pgsre 32.405 12.2015 0.0000

THBUSD; 447.825 9.0634 0.0000

Pysrt-1 -0.079 -0.9898 0.3236

Pwsrt—2 0.121 1.6840 0.0939

Adjusted R? 0.7751
Observations 42

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

The parameter estimates of the demand equation also align well with economic theory. A large
negative influence on demand (y; = —641.019, p < 0.01) is exerted by contemporaneous farm-gate
prices, providing clear evidence of a demand relationship which slopes downward. The value for
adjusted R? is 0.8294, which shows that our dynamic demand model is able to accurately account for
the derived-demand characteristics associated with the Thai cassava market.

The farm-gate price equation shows evidence of vertical price transmission, whereby wholesale
cassava chip prices (y, = 0.181, p < 0.01) and wholesale cassava starch prices (y; = 0.074, p < 0.01) are
significantly transmitted to the farm level. The value for adjusted R?is 0.9013, confirming that international
processing markets and the formation of farm-gate prices are closely linked, which would be anticipated
when considering that the Thai cassava industry relies heavily upon export markets.

The effects of international markets are reflected in the wholesale chip price equation, with
markets for competing commodities also proving highly influential. The export chip prices have a
substantial effect upon domestic wholesale prices (f3 = 21.920, p < 0.01), while the price of corn, a
similar alternative, also contributes significantly (8, =0.212, p <0.01), reflecting substitution in feed
and starch manufacturing. The influence of the exchange rate was also significant (fs= 182.551, p <
0.01), in line with expectations based upon the prominent role played by exports in the Thai economy.
The value for the adjusted R? was 0.8944, indicating robust relationships. The pattern for the price
equation of wholesale starch was similar, as the key drivers are export starch prices (8¢ = 32.405, p <
0.01) and the exchange rate (5; =447.825, p <0.01), resulting in an adjusted R? value of 0.7751.
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When applied in each of the equations, the estimated coefficients are shown to be statistically
significant, with notable explanatory power in line with the theoretical structural relationships which
Section 3.5 describes. These relationships are supported by empirical evidence which establishes the
parameter foundation used to calculate the long-run equilibrium conditions and carry out the welfare
analysis.

4.5. Diagnostic Test Results

The estimated structural parameters must be valid and the long-run and welfare analyses must
be reliable. To accomplish these objectives, a number of diagnostic tests were carried out to assess
whether the DSEM disturbance processes would be in line with the basic econometric assumptions
which are necessary for consistent statistical inference. The diagnosis concerned autocorrelation,
heteroskedasticity, and multivariate normality, with findings discussed below.

4.5.1. Autocorrelation Test Results

Residual autocorrelation was evaluated via the Portmanteau test, performed with a maximum
lag of 4, which is greater than the DSEM dynamic order under the LA-35LS framework (p + dyax =
2). This follows the diagnostic requirement that the testing horizon must be greater than the model’s
lag order to ensure adequate power for detecting remaining serial dependence. Using lag 4 thus
provides a sufficiently rigorous window for verifying white-noise residual behavior.

The test examines whether the residual vector exhibits temporal dependence, with H, denoting
no autocorrelation. When the p-value exceeds the significance level, H, cannot be rejected. As shown
in Table 7, all p-values for lags 1-4 (0.0526, 0.0681, 0.1263, and 0.2449) exceed the 1% threshold.
Consequently, the null hypothesis cannot be rejected at any lag, indicating that the disturbance vector
behaves as white noise. This confirms that the dynamic specification of the model adequately
captures temporal dependence without leaving systematic autocorrelation in the residuals.

Table 7. Portmanteau tests for residual autocorrelation in the LA-3SLS system.

Lag (h) Q-Stat p-Value Adj Q-Stat p-Value
1 36.5353 0.0639 37.4264 0.0526
2 63.4031 0.0965 65.6376 0.0681
3 85.2419 0.1963 89.1563 0.1263
4 103.5416 0.3842 109.3823 0.2449

4.5.2. Heteroskedasticity Test Results

Table 8 reports the results of the Breusch-Pagan-Godfrey heteroskedasticity tests across all
estimated equations. The null hypothesis (H,) specifies that the residuals show homoskedasticity,
meaning that no heteroskedasticity is present, whereas the alternative hypothesis (H;) states that the
residuals exhibit heteroskedasticity. In every equation, both the F-statistic and Chi-square statistics
yield p-values greater than 0.05, indicating that H, cannot be rejected. Although Equations 4 and 5
show p-values near the 10 percent level, they remain above the conventional 5 percent threshold.
Therefore, there is no statistical evidence of heteroskedasticity in any equation of the dynamic system.

Table 8. Results of heteroskedasticity tests (Breusch-Pagan-Godfrey).

Equation Obs-R? Igzzlsuqe F-statistic F;-a E-}‘t/;?slteic Heteroskedasticity
1 0.1851 0.6670 0.1771 0.6762 No
2 0.1165 0.7329 0.1113 0.7405 No
3 0.0754 0.7836 0.0719 0.7899 No
4 9.1290 0.1040 1.9996 0.1022 No
5 8.3093 0.0783 2.3093 0.0761 No
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4.5.3. Multivariate Normality Test Results

The multivariate normality assessment provides consistent evidence that the disturbance vector
of the DSEM follows a normal distribution. Under the null hypothesis (H,: the residuals are
multivariate normally distributed) and the alternative hypothesis ( H; : the residuals are not
multivariate normally distributed), the skewness and kurtosis tests for all five residual components
yield p-values that exceed conventional significance levels. The joint skewness statistic (p = 0.5243)
and the joint kurtosis statistic (p = 0.9390) both fail to reject Hy. In addition, the Jarque-Bera test
confirms this result, with a joint p-value of 0.8602. Taken together, these outcomes indicate that the
residuals do not exhibit systematic asymmetry or abnormal tail behavior, thereby supporting the
validity of the normality assumption required for reliable econometric inference.

Table 9. Multivariate normality test results.

Component Skewness Chi-sq (Skew.) p-Value Kurtosis Chi-sq (Kurt.) p-ValueJarque-Bera p-Value

1 0.3455 0.8355 0.3607 2.9053 0.0157 0.9003 0.8512 0.6534

2 -0.4936 1.7056 0.1916 3.1518 0.0430 0.8409 1.7459 0.4177

3 -0.2029 0.2854 0.5913 3.3093 0.1674 0.6824 0.4557 0.7963

4 -0.2173 0.3056 0.5663 2.5962 0.2634 0.5932 0.6159 0.7349

5 0.3811 1.0124 0.3133 2.3449 0.7511 0.3861 1.7678 0.4132
Joint 4.1767 0.5243 1.2598 0.9390 5.4365

4.6. Welfare Effects of Cassava Price-Intervention Policy

4.6.1. Average Welfare Effects in the Long Term

Based on the long-run structural relationships derived in Section 3.6 and the welfare framework
established in Section 3.8, the welfare effects of Thailand’s cassava price-intervention policy were
evaluated by comparing producer surplus (PS) and consumer surplus (CS) under two regimes: the
non-intervention scenario (Dp;p = 0) and the intervention scenario (Dp;p =1) during 1981-2024. The
computation relies on the inverse long-run supply function (Equation 25) and inverse long-run
demand function (Equation 29), while equilibrium prices and quantities for each regime are obtained
from Equations (21) and (22).

To implement these calculations, the analysis requires the estimated structural parameters
a1, 51, B2, B3, 8 from the supply equation, and @5,¥; from the demand equation, together with the
vector of exogenous supply shifters Z, defined as the steady-state mean of harvested area and the
technological time trend. Using these components, the model derives the market clearing outcomes
(P*and Q%) for both regimes, which are then substituted into the welfare integrals for PS (Equations
23-24) and CS (Equations 27-28).

Tables 10 and 11 provide the input parameters required for the welfare analysis. Table 10 reports
the LA-3SLS structural estimates that define the long-run supply and demand functions and their
inverse forms used to compute producer and consumer surplus. Table 11 lists the long-run exogenous
supply variables and the policy dummy distinguishing intervention from non-intervention years.
These inputs are used to derive the long-run equilibrium and populate the welfare equations, with
the resulting welfare outcomes summarized in Table 12.

Table 10. Parameters for welfare measurement.

Symbol Parameter Description Equation Used for Welfare Estimated Value

Measurement (LA-3SLS) *

ay Supply intercept (13), (15), (21) -3.715 x 106

p1 Lagged supply adjustment (13), (15), (21) 0.536

B Price response of supply (13), (15), (21) 3,213.247

) Policy-induced supply shift (13), (15), (21) 1.290 x 106

P31 Coefficient on harvested area (13), (15), (21) 4.589 x 106

P32 Coefficient on time trend (13), (15), (21) 69,604.440
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a; Demand intercept (17), 19), (21), (22) -4.614 x 10¢
Y1 Price response of demand (17), (19), (21), (22) -641.019
* These parameter estimates are sourced from Table 6.
Table 11. Exogenous inputs for long-run supply and welfare analysis.
Symbol Definition Value *
AREA Mean of long-run harvested area 1.29
TIME Median of the time trend (technological progress) 22.5

0 =no intervention
D, Policy dummy for cassava pledging scheme
pIp y y pledging 1 = intervention

* These values estimates are sourced from Table Al.

Table 12. Changes in welfare and stakeholder distribution under the price intervention (million THB per year).

Non-Intervention Intervention Change
Stakeholders
Surplus % Surplus % Surplus %
1. Producers (PS) 6,602 42.98 6,135 39.29 -467 -7.07
2. Farm-gate buyers (CS) 8,760 57.02 9,478 60.71 718 8.2
3. Social welfare (TS) 15,362 100 15,613 100 251 1.63

Source: * Compiled by the authors using Cabinet Resolutions [47] and official press releases.

Table 12 presents the welfare outcomes derived from the long-run equilibrium framework and
the welfare-measurement outlined in Sections 3.7-3.8. These results are obtained by integrating the
inverse long-run supply and demand functions (Equations 25 and 29) to compute producer surplus
(PS) and consumer surplus (CS). The two components are then combined to generate total surplus
(TS), as defined in Equation 31.

Under the non-intervention scenario, producers receive 6,602 million THB per year in long-run
surplus, whereas consumers obtain 8,760 million THB per year. When the price-intervention policy is
applied, PS declines to 6,135 million THB and CS rises to 9,478 million THB per year. These adjustments
correspond to APS = -467 million THB and ACS = 718 million THB per year. The pattern reflects the
redistribution implied by the outward shift of the long-run supply curve induced by the pledging scheme.
These changes have a size and direction which match the welfare identities of Equations 26 and 30, in
which there is a reduction in producer welfare due to distortion of the incentives for production. In
contrast, there is an increase in consumer welfare attributable to the effects of policy-driven supply
expansion which serve to lower the market clearing price over the longer term.

There is a small increase in total surplus from 15,362 million THB to 15,613 million THB per year,
resulting in the value for ATS =251 million THB per year. The result matches Equation 32, suggesting
that the outcome of the intervention is a small rise in gross economic welfare before considering fiscal
costs. Once the government’s budgetary outlays for administering the pledging scheme are
incorporated through Equation 33, the net welfare effect becomes negative, as shown by:

ATSper = APS + ACS — GC = 251 — 4,811.69 = —4,560.69

This result highlights a key implication of the welfare-measurement framework: the policy
provides only a negligible increase in total surplus, yet its substantial fiscal burden produces a net
social welfare loss of about —4,560.69 million THB per year.

4.6.2. The Dynamics of Long-Term Welfare Effects

The assessment of the long-term welfare effects of Thailand’s cassava price-intervention policy
during 1981-2024 was conducted by substituting the estimated structural parameters reported in Table
10, the year-specific values of the exogenous variables, and the policy dummy variables under
alternative simulated scenarios into the long-run supply and demand equations evaluated at their
steady-state conditions. For the simulations, the policy indicator was defined as Dp;p = 0 for years
without government price intervention and Dp;p =1 for years in which intervention was implemented.
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Figure 2 presents the dynamic evolution of producer surplus (PS), consumer surplus (CS), and total
surplus (TS) in Thailand’s cassava market during 1981-2024, with shaded areas indicating years in which
price-intervention policies were applied (Dp;p = 1). In the short term, the implementation of the fresh
cassava pledging scheme produced an immediate rise in PS, together with a corresponding decline in CS.
This outcome reflects the pro-producer character of the intervention. When the farm-gate price is held
higher than the level at which the market clears, the policy serves to transfer wealth from the consumers
to the producers. This redistribution takes place very quickly once the intervention is in place, from which
it can be inferred that the cassava supply is highly responsive to government policy.

Annual Surplus with Policy Periods
A _— Y - T -
16 = Y et AN /’ e e “f_,\\ A oy
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1980 1990 2000 2010 2020
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Figure 2. Welfare surpluses in the Thai cassava market; the shaded sections indicate policy periods (1981-2024).

TS was relatively stable over the longer term, so the pattern observed indicates that the main effect
of interventions was to redistribute welfare among market participants instead of making the market
more efficient. At the conclusion of the intervention periods, PS showed a tendency to revert to its original
levels prior to the intervention. This implies only transient gains for producers, with no sustainable
improvement observed in productivity, competitiveness, or the structure of the market. Taken together,
the dynamic behavior of the welfare components shows that Thailand’s cassava price-support policies
provided short-term protection to producers while delivering limited long-term efficiency gains. The
findings reinforce the conclusion that these interventions were transitional measures that redistributed
surplus rather than enhancing overall economic performance in the cassava sector.

4.6.3. Welfare Simulation Under Policy and No-Policy Scenarios

The simulation of the long-term welfare effects of Thailand’s cassava price-intervention policy
follows the same conceptual procedure as that in Section 4.6.2, although the scenarios differ in the
specification of the policy dummy variable. Two scenarios are examined. Scenario 1 represents a
situation in which government price intervention is assumed to occur continuously during 1981-2024,
with the policy dummy set equal to Dp;p =1 for all years. Conversely, Scenario 2 represents the
counterfactual case in which no price intervention is applied at any time during 1981-2024, with the
dummy variable fixed at Dp;p =0 throughout the period.

Figure 3 presents the dynamic simulation of long-term welfare under the intervention scenario
Dp;p =1. The findings show clearly apparent differences in the development of welfare under the two
market scenarios. When continuous government intervention is applied, there is a steady rise in
producer surplus, with the opposite trend exhibited by consumer surplus. The pattern is plainly
indicative of producer-oriented redistribution effects which result from the cassava-pledging
programs. The short-term effect of the policy is to engineer the welfare transfer from consumers to
producers as farm-gate prices are held higher than the level at which the market clears, thus
providing farm income stability while minimizing price volatility.
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Figure 3. Annual welfare surpluses in the Thai cassava market when the continuous government price-

intervention policy scenario is in place (Dp;p =1), 1981-2024.

However, in the non-intervention scenario shown in Figure 4, the consumer and producer surpluses
both fluctuate significantly due to the effects of supply and demand in the market. The pattern shows that
the market is able to adjust much more efficiently when policy interventions are absent and thus do not
introduce distortions. Over the longer term, the total surplus does not fluctuate greatly in either scenario,
but tends to remain slightly lower under conditions of continuous intervention, which suggests that
allocative efficiency is lost to a certain extent due to the distortion introduced by the policy. It would
appear that farmers might be capable of increasing their producer surplus over time in the absence of state
support, thus mitigating the financial burden faced by the government. When the cassava market is
permitted to operate freely it is able to reach an equilibrium which ensures allocative efficiency and
welfare stability, which is sustainable to the benefit of the economy over the longer term.
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Figure 4. Annual welfare surpluses in the Thai cassava market when the non-intervention policy scenario is in
place (Dp;p =0), 1981-2024.

5. Discussion

The analysis of welfare in the long run suggests that efficiency and equity are on opposite sides
of the balance when price interventions are imposed in the Thai cassava market. While the
intervention program delivers income increases to farmers in the short term, the benefits fade rapidly
when the intervention is withdrawn, leaving minimal impact upon long-term total surplus.
Examination of the incorporation of fiscal costs reveals that a negative net welfare effect is generated
by the policy. The government delivers income support on a temporary basis while preparing the
ground for ongoing efficiency losses. This pattern shows misalignment with the SDG 1 objective of
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eliminating poverty, since the emphasis should be placed upon structural reductions in poverty over
the long term instead of the short-term income transfers which occur in this scenario. There is also a
failure to achieve the SDG 8 objective of decent work and economic growth, since the emphasis of
this goal involves long-term productive capacity improvements. The findings appear to concur with
the sustainability framework established by Pezzey and Toman [99], in that the redistribution which
results from distortionary price policies cannot be considered as sustainable welfare, since it has the
effect of damaging efficiency or placing a financial penalty upon future generations.

The dynamic findings add further weight to the evidence report by Anuchitworawong et al. [32],
whose work revealed that significant financial burdens resulted from the implementation of the cassava
pledging scheme, leading to the accrual of economic rents by intermediaries, while only a minority of
farmers actually derived benefits. Their findings in the comparative-static assessment confirmed that
inefficiencies arise in the short term. Meanwhile, in this study, the dynamic framework indicated that
small distortion tends to occur repeatedly over policy cycles and thus accumulate in the long run, feeding
back into the market and affecting long-term behavior and market expectations. Since the total surplus
fails to demonstrate any persistent rise in the long term, even though price interventions occur repeatedly,
it is clear that the pledging program is not efficient, and furthermore reduces structural competitiveness
in the market while persuading participants that ongoing state intervention is likely.

In general, our findings support the need to make adjustments in policy, ceasing the use of
repeated price-support interventions and instead employing instruments which are fiscally suitable
and more appropriate within the context of the market activity. Farmers can still receive protection
from shocks through the use of income-stabilization tools including price insurance or targeted
compensatory transfers [18]. Such tools can be applied without the problem of generating artificial
demand or encouraging downstream participants to extract rents. Simultaneously, measures which
improve productivity, such as managing the soil and water [100], introducing improved crop
varieties [101], or utilizing advances in post-harvest technological innovations [102] may provide
alternative pathways for boosting producer surplus in the longer term. The market infrastructure
could be made stronger by the introduction of farmer registries, effective monitoring systems, and a
program for quality certification, since these measures might remove the problem of information
asymmetry and eliminate the governance risks which are typically associated with the interventions
which have been implemented to date [34].

In considering future studies, it should be noted that three pillars uphold sustainability: economic,
social, and environmental factors [49]. It may be possible, therefore, to extends a dynamic framework
based on welfare to include environmental indicators [103-105], thus enabling a thorough evaluation of
long-term policy impacts. It might also be suggested that this dynamic framework could be applied to
different agricultural products, or examined in cross-country scenarios, to gain deeper comparative
perspectives concerning insights into the longer-term effects of using agricultural price-intervention
policies.

6. Conclusions

This research investigated the effects upon long-term economic sustainability of price interventions
in the Thai cassava market with the assistance of a Dynamic Simultaneous Equation Model which was
estimated via the LA-3SLS procedure. The findings reveal that the main outcome of the pledging scheme
is the redistribution of income, instead of the desired improvements in market efficiency. The producers
benefit from gains in the short term when the intervention is made, but upon cessation of the intervention,
these gains disappear, so the long-term total surplus does not significantly change. If we also take into
consideration fiscal expenditures, the net welfare outcome is found to be negative, suggesting that the
temporary boost to incomes is more than offset by long-term losses in efficiency.

The structural relationships over the longer term revealed by the dynamic system indicated that
when the price intervention is applied repeatedly, supply incentives are altered, leading to a shift in
the long-run supply curve. Quantities in the market may rise, but there is no improvement in welfare
overall. The results show that equity and efficiency form a trade-off within the mechanism of price
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support, thereby confirming that pledging schemes are not particularly effective in boosting the
competitiveness of markets in the long run.

It can be argued from the results that the Thai cassava industry might better be advanced if direct
price controls were rejected in favor of instruments which have the capacity to stabilize farm incomes
and support greater market efficiency. Possible solutions might include decoupled income support,
counter-cyclical payments, and measures which improve productivity, thus boosting resilience while
avoiding the distortion of long-run market signals. This type of approach might be closely aligned
with the objectives set out in SDG 1, with is emphasis on structural long-term poverty reduction, as
well as SDG 8, which aims for sustainable productivity and a growing economy.

Future studies might seek to expand the current dynamic welfare framework to integrate
environmental sustainability indicators. Furthermore, hybrid policy options capable of merging price
stabilization and risk management or technological development components might be examined. The
use of multi-dimensional sustainability metrics might serve to guide the design and development of
policies which can provide welfare protection in the short term while also generating long-term economic
resilience.
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Appendix A
Appendix A.1
Table Al. Descriptive statistics of variables used in the DSEM.
Variable N Mean Median Max Min SD
Qst 44 23,226,230 21,070,499 35,094,485 15,254,850 5,837,099
Prere® 44 1,904 1,901 3,257 994 527
Pweet® 44 5,907 5,740 8,580 2,920 1,495
Pysr ¢ 44 13,496 13,475 18,630 8,190 2,593
AREA; 44 1.29 1.34 1.67 0.99 0.18
TIME, 44 21.50 21.50 43 0 12.85
Pwene® 44 9,188 8,915 12,380 6,760 1,552
Pgect® 44 225 239 386 87 74
Pgsr* 44 459 470 732 232 125
THBUSD, 44 31.60 31.53 44.43 21.82 6.12

* The values of the price variables were converted into constant 2023 values.
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