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ABSTRACT
Agriculture is a vital sector in Sri Lanka, yet it has been increasingly chal-

lenged by environmental disturbances and policy shifts. This study analyzes
the impact of two significant disruptions—the 2017 drought and the 2021 fer-
tilizer ban—on paddy yield trends. To address the complexities of these in-
fluences, Bayesian spline regression was employed to model non-linear and
seasonal yield patterns, and interrupted time series regression was used to
capture abrupt changes in response to external shocks. Uncertainty and the
causal effects of these interventions were quantified through posterior distri-
butions, estimated using the brms package and the NUTS algorithm. The re-
sults offer nuanced insights into how environmental and policy factors shape
agricultural productivity, with implications for researchers and policymakers
concerned with sustainable agriculture and climate adaptation. Overall, this
study underscores the value of Bayesian modeling in assessing multifaceted,
real-world issues that span agriculture, environment, and policy.
Keywords: Bayesianmodeling, Environmental disturbances, Seasonal pat-
terns, Non-linear patterns, Sri Lanka agriculture, Multi-factorial influ-
ences.

1 Introduction

Agriculture plays a vital role in the economic development and food secu-
rity of many developing countries, including Sri Lanka (Gunawardena and
de Silva , 2021). However, this sector is increasingly challenged by policy
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changes and environmental disruptions. Recently, Sri Lanka initiated a signif-
icant policy shift towards organic farming by implementing a ban on chemical
fertilizers starting in 2021 (Jayasuriya and Jayasinghe , 2016). Alongside this
policy, severe droughts and other climate-related events have further impacted
agricultural productivity. These combined factors have had notable effects on
paddy yields, a staple crop critical to national food security and rural liveli-
hoods.

Understanding how policy measures and environmental shocks jointly in-
fluence agricultural productivity is crucial for developing resilient and sus-
tainable farming systems (Ruppert and Wand , 2009; Smith and Wang , 2020;
Zhao and Li , 2018). Agricultural production does not occur in isolation; it is
shaped by a complex set of interacting factors. Policy interventions such as
changes in fertilizer regulations or subsidies can directly affect farming prac-
tices and input use, thereby influencing crop yields (Jayasuriya and Jayas-
inghe , 2016; Gunawardena and de Silva , 2021). Meanwhile, environmen-
tal disturbances-including droughts, floods, and shifting climate patterns-add
further variability and risk to agricultural outputs (Kumar and Singh , 2019).
These factors often do not act independently but interact in ways that can am-
plify or mitigate their individual effects (Lobell and Field , 2011; Wheeler and
Von Braun , 2013). Although each has been studied extensively on its own,
there is a notable gap in research that simultaneously examines and quantifies
the combined and potentially interacting impacts of policy changes and en-
vironmental shocks on crop yield trends (Ruppert and Wand , 2009; Gelman
and Hill , 2017). Addressing this gap is essential for generating comprehen-
sive insights that can inform adaptive agricultural policies and promote food
security under changing environmental conditions (FAO , 2019).

In this study, the effects of the 2021 fertilizer ban and the 2017 drought on
paddy yield patterns in Sri Lanka are analyzed using a Bayesian hierarchical
modeling framework that integrates spline regression with interrupted time
series analysis (Gelman and Hill , 2017; Thilan et al. , 2022). The hierarchical
structure allows the model to account for year-to-year variability and seasonal
effects, which are important because paddy yields naturally fluctuate across
years and between the Maha and Yala seasons. Bayesian spline regression
captures complex, non-linear trends and seasonal fluctuations while providing
a full characterization of uncertainty (Kass and Raftery , 1994). Interrupted
time series regression complements this approach by detecting abrupt shifts
in yields associated with policy or environmental events, enabling a detailed
evaluation of their impacts. By combining these methods within a hierarchical
framework, the study provides a robust and flexible approach to disentangling
gradual trends from sudden changes in agricultural productivity.

Bayesian methods provide a powerful and flexible framework for analyz-
ing complex data, particularly when dealing with uncertainty and non-linear
relationships. Unlike traditional approaches, Bayesian inference treats model
parameters as random variables, allowing direct quantification of uncertainty
through posterior distributions and enabling the incorporation of prior knowl-
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edge that can be updated as new data emerge. This probabilistic approach
offers enhanced interpretability and predictive accuracy, making it especially
suitable for evaluating the effects of policy interventions and environmental
disturbances on agricultural productivity. In this study, the models are im-
plemented using the brms package and the No-U-Turn Sampler (NUTS) al-
gorithm, which together facilitate efficient Bayesian inference and flexible
modeling (Carpenter et al. , 2015). This combined approach offers a robust
framework for disentangling the dynamic interactions between policy mea-
sures, environmental shocks, and paddy yield trends, thereby supporting more
informed decision-making in agricultural policy and management.

The primary aim of this study is to quantify the causal impacts of key
policy and environmental events on paddy yield trends in Sri Lanka. Specifi-
cally, the objectives are to: (i) characterize the non-linear and seasonal patterns
of paddy yields; (ii) identify sudden changes linked to policy and environ-
mental disruptions; and (iii) provide actionable insights to support evidence-
based agricultural policymaking and sustainable development. This work con-
tributes to a deeper understanding of how multiple factors shape agricultural
outcomes, with significant implications for research, policy formulation, and
enhancing climate resilience in agriculture.

2 Motivating Example

Rice is the staple food of the country and plays an important role in the diet
and culture of Sri Lanka and has also been a key crop for food security and
rural livelihood (Weerahewa et al. , 2012). Paddy is cultivated in wetlands
across all districts and it is cultivated as two growing seasons; Maha and
Yala. Those seasons correspond with the country’s monsoons—theMaha sea-
son overlaps with the Northeast monsoon (September to March), and the Yala
season overlaps with the Southwest monsoon (April to August) (Amarasingha
et al. , 2015). These seasonal patterns determine the timing of paddy sowing
and harvesting. However, paddy cultivation in Sri Lanka has rarely reached
its full potential, frequently hindered by water scarcity, unpredictable rainfall,
and limited resources (De Silva , 2020).

For this study, data has been sourced from the Agriculture and Environ-
ment Statistics Division of the Department of Census and Statistics. This divi-
sion is responsible for collecting, processing, and sharing agricultural data in
Sri Lanka, including statistics on the extent and production of paddy (Depart-
ment of Census and Statistics , 2024). The data shows significant variability in
paddy yields, particularly exogenous examples such as the drop in 2017 and
2018 shown in Figure 1. The sharp decline corresponds mainly to the drought
in 2017, during which water usage for irrigation decreased noticeably nation-
wide on paddy fields throughout Sri Lanka (Wijeratne , 2018). That drought
was exacerbated by flooding in some areas, which inflicted further damage to
the crops and resulted in the sharp decline in yield (Gunathilaka , 2018). Mat-
ters deteriorated further in 2018, when the government’s previous policy to
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limit chemical fertilizer use started to bite. Paddy production had seen a con-
sistent decline due to lack of good farmers, ammonia fertilizer production,
which was a necessary input, decreased leading to nutritional deficiencies in
soil (Weerakoon , 2021). It is this combination of weather events and policy
shifts that partially accounts for the declining production seen in these years.

Fig. 1: Fluctuating paddy yield trends across theMaha and Yala seasons.

Policy interventions in recent years have added another layer of complex-
ity for paddy cultivation. In particular, the Sri Lankan government’s 2021 de-
cision on banning chemical fertilizer, which was part of a countrywide “or-
ganic farming” move, has greatly reduced paddy yields (Dharmasena , 2021).
Although the ban was intended to encourage sustainability, there have been
discussions about its immediate and long-term impact on agricultural produc-
tivity (Abeywardana , 2022). The impacts are especially seen in the varying
yield patterns of the Maha and Yala seasons (illustrated in Figure 1) which
result due to the interaction of socio-economic, environmental, and policy-
oriented influences (Marambe , 2022).

This study seeks to model the influence of both policy interventions and
climate-related changes on paddy yield trends using Bayesian spline regres-
sion and interrupted time-series regression analysis. These methodologies are
particularly well-suited to:

1. Capturing the non-linear and seasonal nature of paddy yield
trends, which are influenced by monsoonal cycles, resource
availability, and external shocks.

2. Identifying structural breaks and shifts in yield patterns
caused by specific policy interventions and climatic distur-
bances such as the 2021 fertilizer ban and droughts.

3. Quantifying the impacts of policy measures and climatic
factors in a probabilistic framework, enabling robust infer-
ences about the magnitude and duration of their effects.
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By examining the Maha and Yala seasons in detail, this research aims to
provide actionable insights into how Sri Lanka’s agricultural policies and cli-
mate variability have shaped paddy productivity. Ultimately, it seeks to con-
tribute to evidence-based strategies that balance the country’s sustainability
goals with the need to ensure food security and economic stability for farm-
ing communities.

3 Data and Data Management

The dataset introduced in Section 2was compiled from the publicationPADDY
STATISTICS 2023/2024 MAHA SEASON issued by the Department of Cen-
sus and Statistics, Sri Lanka, specifically Table 6: Harvested Extent, Average
Yield, and Production of Paddy by Season (1995–2024) Department of Cen-
sus and Statistics (2024). The data are presented in wide format, with each
row corresponding to a year (1995–2023) and separate columns for theMaha
and Yala seasons.

Variables taken directly from the reports:

• Gross_Extent_Harvested_Maha / Gross_Extent_Harvested_Yala
– total area harvested in the respective season.

• Total_Production_Maha / Total_Production_Yala – total paddy
production in the respective season.

Variables coded based on literature:

• Drought_Impact – indicator variable for the 2017 drought (1
for 2017, 0 otherwise).

• Fertilizer_Restriction – indicator variable for fertilizer restric-
tions (1 from 2018 onwards, 0 before).

• Fertilizer_Ban – indicator variable for the fertilizer ban (1 from
2021 onwards, 0 before).

To facilitate analysis across seasons, the dataset was reshaped into a long
format, yielding 58 season-level observations, where each row represents a
season-year observationwith associated total production and harvested extent.
The dataset is complete with no missing values, providing a reliable founda-
tion for subsequent modeling.

4 Methods

The model for predicting paddy production assumes that the observed total
production, yst, follows a Normal distribution. This assumption is appropri-
ate due to the continuous nature of paddy production outcomes (e.g., yield
measured in kilograms or tons per hectare):
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yst ∼ N(µst, σ
2),

where µst represents the mean yield for season s and time t, and σ2 is the vari-
ance capturing random fluctuations due to unobserved factors such as mea-
surement errors and unpredictable weather conditions. The assumption of nor-
mality is justified by the Central Limit Theorem, as paddy production yields
result from a combination of multiple independent effects (rainfall, soil qual-
ity, farming practices), which aggregate into a Normal distribution (Gelman
et al. , 2013).

The mean response µst is modeled as:

µst = f(Year) + β1Drought_Impactt + β2Fertilizer_Restrictiont + β3Fertilizer_Bant
+ β4Seasonss + β5Gross_Extent_Harvestedst + uYeart + vSeasonss + ϵst

(1)

where:

• f(Year) represents a smooth function of time (Year) modeled
using a low-rank thin-plate spline, which accounts for nonlin-
ear effects over time (Wood , 2003).

• β1, β2, β3, β4, β5 are the coefficients for the covariates:

– Drought_Impactt, Fertilizer_Restrictiont, and Fertilizer_Bant
are binary variables indicating the occurrence of these
events at time t.

– Seasonss is a factor variable indicating the season (e.g.,
Maha or Yala).

– Gross_Extent_Harvestedst is a directly observed variable
from the dataset, representing the total land area harvested
(in hectares) in season s and year t.

• uYeart ∼ N (0, σ2
Year) is a random intercept for year,

capturing unobserved variability between years not ex-
plained by the fixed effects or smooth time trend.

• vSeasonss ∼ N (0, σ2
Season) is a random intercept for sea-

son, capturing year-to-year fluctuations within each sea-
son and allowing the model to account for unobserved
seasonal effects beyond the fixed seasonal difference.

• ϵst ∼ N (0, σ2) represents the residual error term.
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The smooth function f(Year) is modeled using a thin-plate spline to cap-
ture nonlinear temporal effects. This method is chosen for its efficiency, ro-
bustness to knot placement, and ability to handle large datasets (Wood , 2003).
The thin-plate spline is defined as:

f(Year) =
K∑
k=1

δk|Year− ηk|3, (2)

where δk are random coefficients, and ηk are knots (e.g., quantiles of the co-
variate Year). K represents the number of knots, which balances model flex-
ibility with computational efficiency (Ruppert, Wand, and Carroll , 2003).
To determine the optimal complexity for the spline component, models with
values k = 3, 4, . . . , 10 were fitted, where k specifies the number of basis
functions that generate the smooth term. The values of k were selected to
evaluate flexibility of the model while avoiding overfitting. Model selection
was carried out using the Leave-One-Out Information Criterion (LOOIC),
which weights model complexity against fit (Vehtari, Gelman, and Gabry ,
2017). For each k, the corresponding LOOIC value was computed and com-
pared. Finally, a scree plot was produced to illustrate how model performance
changed with varying feature counts k, thereby identifying the optimal model
complexity (Spiegelhalter et al. , 2002).

Interventions, such as changes in policies like the introduction of a fertil-
izer ban, natural disturbances like drought and rainfall events can affect paddy
production. Such events can cause abrupt changes in production trends. An in-
terrupted time series (ITS) regression approach can be used to estimate the ef-
fect of the fertilizer ban policy and natural disturbances (Linden , 2015). This
enables us to capture sudden shifts in the trend induced by interventions oc-
curring at distinct time points. We suspect the fertilizer ban will induce (more
or less) a step-change in the mean yield and a gradual change in the slope as
time goes on (assuming reduced availability of fertilizers steepens the slope),
while drought will have a more abrupt and extreme effect on production levels
(Bernal, Cummins, and Gasparrini , 2017).

The regression model can be extended to include the following compo-
nents, with the ITS approach applied through indicator variables:

• Drought_Impactt is an indicator variable for drought events,
where Drought_Impactt = 1 if drought conditions are present
at time t and Drought_Impactt = 0 otherwise.

• Fertilizer_Restrictiont is an indicator variable for fertilizer re-
striction events, where Fertilizer_Restrictiont = 1 if fertilizer
restrictions are imposed at time t and Fertilizer_Restrictiont =
0 otherwise.
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• Fertilizer_Bant is an indicator variable for the fertilizer ban
policy, where Fertilizer_Bant = 1 after the policy intervention
and Fertilizer_Bant = 0 before the policy is implemented.

• β1, β2, β3 represent the coefficients that capture the immedi-
ate changes in the mean yield due to drought impact, fertilizer
restriction, and fertilizer ban interventions, respectively.

ITS can account for the effects of interventions that were planned to set in
motion as the intervention is implemented, even if they are not fully imple-
mented (Wagner et al. , 2002; Thilan , 2025). This model situates the effects
of drought, fertilizer restrictions, and the fertilizer ban by adopting indicator
variables, on the understanding that the joint temporal impacts and the grad-
ual changes, from these to production trends, are contributors of contempo-
rary relevance. This approach offers a strong basis for assessing the aggregate
effect of policy changes and natural disturbances on paddy production, allow-
ing for a separation of intervention effects from preexisting trends or external
factors (Shadish, Cook, and Campbell , 2015).

By including a fixed effect for Seasonss, the model directly captures sea-
sonal differences under a single model, measuring differences between the
Yala and the Maha phases. This enables simultaneous evaluation of covari-
ates, including Drought_Impactt, Fertilizer_Restrictiont, Fertilizer_Bant, and
Gross_Extent_Harvestedst for both respective seasons, improving efficiency
and interpretability of models (Gelman et al. , 2013). Incorporating Seasonss
directly into the analysis ensures that systematic differences between seasons
are accounted for, while production trends can still be directly compared. Fit-
ting a single model with all these factors significantly improves the accuracy
of estimates and enhances the interpretability of the interplay of seasonal-
ity with the other key drivers of µst (Wood , 2017). The combined model
makes it possible to assess paddy production trends that include both direct
and longer-term effects associated with the fertilizer ban intervention, while
also recognizing the unique characteristics for each Yala andMaha season as
well as filtering out unobserved heterogeneity through random effects (Rup-
pert, Wand, and Carroll , 2003). This approach aligns with best practices in
hierarchical modeling, where fixed and random effects are used to account
for both observed and unobserved sources of variation (Gelman et al. , 2013;
Thilan et al. , 2024).

Bayesian modeling estimates the posterior distribution of model parame-
ters by combining observed data with prior distributions through Bayes’ The-
orem (Gelman et al. , 2013). Unlike frequentist methods, which yield point
estimates and confidence intervals, Bayesian methods provide entire poste-
rior distributions that directly quantify uncertainty (Kruschke , 2014; Thilan
et al. , 2023). This approach is particularly effective for models with com-
plex hierarchical structures, small sample sizes, and random effects (Gelman
, 2006). It also allows for the inclusion of prior knowledge or domain exper-
tise, leading to more intuitive uncertainty quantification (McElreath , 2020).
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Furthermore, the use of Markov Chain Monte Carlo (MCMC) sampling en-
ables robust inferences even for complex, non-standard models (Betancourt
, 2017). Overall, these advantages make Bayesian modeling well-suited for
evaluating policy and environmental impacts on agricultural yield trends.

The brms package was chosen for Bayesian modeling because it offers
flexible and user-friendly syntax for specifying a wide range of models in
R (Bürkner , 2017). Built on the Stan probabilistic programming language,
brms enables robust posterior sampling with a familiar formula-based inter-
face, similar to lm and lme4 (Stan Development Team , 2023). This makes
it easier for researchers to transition from frequentist to Bayesian methods.
The package supports random effects, smooth terms, and a variety of mod-
els, including generalized linear models (GLMs), generalized additive mod-
els (GAMs), hierarchical models, and non-linear models, all within a single
framework (Bürkner , 2018). It also offers essential posterior diagnostics, such
as posterior predictive checks and convergence diagnostics, enhancing the re-
liability of model inferences (Bürkner , 2017). Integration with Stan ensures
efficient computation and scalability, making brms well-suited for analyzing
complex, hierarchical data while incorporating uncertainty and prior informa-
tion. Details of the model implementation are provided in Section 9.

Default weakly informative priors were used for all fixed effects and in-
tercepts to provide regularization while allowing the data to largely inform the
posterior estimates. For the spline term, s(Year, bs = "tp"), smoothness
was estimated from the data with default priors, enabling the model to flexi-
bly capture nonlinear temporal trends. The random effects for Year and Sea-
sonwere assigned default hierarchical priors, reflecting uncertainty in year-to-
year and seasonal variability. Hyperparameters controlling theMCMC sampling—
such as iter = 10000, warmup = 3000, adapt_delta = 0.9999, and
max_treedepth = 15—were chosen to ensure stable convergence and avoid
divergent transitions during sampling. These settings collectively allow the
model to produce robust posterior estimates while accommodating the hier-
archical structure and complex dependencies present in the agricultural yield
data.

5 Results

Using a systematic approach, the optimal spline complexity (k) was identi-
fied for each version of the smooth function s(Cumulative_Monthi,Phasei)
in the model as per Equation 1. The scree plot in Figure 2 depicts the pattern of
LOOIC values based on spline complexity (k) having the LOOIC decreasing
from k = 1 through k = 4 with k = 4 having the lowest LOOIC value indi-
cating the best fit. After k = 4, the values of LOOIC start to increase, indicat-
ing overfitting. Then the squared values stabilize again at higher complexities
with negligible improvement. Hence, k = 4 was the final choice, achieving a
proper trade-off between flexibility and performance of the model.
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Fig. 2: Scree plot of LOOIC values as a function of spline complexity (k).

A summary of the model results is presented in Table 1, highlighting the
predictors influencingTotal_Production. The smoothing spline parameter sds(sYear_1)
has an estimate of 286.47 (95% CI: [8.88, 982.21]), indicating moderate year-
to-year variability in production. The random effects for Season (sd(Intercept):
555.73, 95% CI: [18.84, 1964.68]) and Year (sd(Intercept): 125.16, 95% CI:
[58.56, 193.26]) suggest that seasonal and annual differences contributemean-
ingfully to model fit, with seasonal effects being more pronounced.

Among the regression coefficients, Fertilizer Ban shows a strong negative
effect (-533.79, 95% CI: [-836.03, -206.70]), indicating that banning fertiliz-
ers substantially reduces total production. Fertilizer Restriction has a posi-
tive estimate (174.45), although its confidence interval spans zero, reflecting
uncertainty about its impact. Drought Impact has a small negative estimate
(-81.23) with a wide interval including zero, suggesting a less clear effect in
this model. Gross Extent Harvested exhibits a consistent positive association
with production (3.80, 95% CI: [3.01, 4.57]), confirming its significant role.
The effect of Season (Yala) is positive but highly uncertain (109.61, 95% CI:
[-2188.79, 2412.70]). The smoothing spline for year, sYear_1, indicates addi-
tional temporal variability, though with a wide interval. The residual standard
deviation (Sigma) is 124.70 (95%CI: [94.83, 167.77]), reflecting unexplained
variation in total production. Overall, these results underscore the importance
of land area harvested and the fertilizer ban policy, while the effects of drought
and seasonality remain less definitive.

Figure 3 illustrates the observed and predicted trends in paddy produc-
tion for the Maha and Yala seasons. The Maha season shows consistently
higher production levels with a steady upward trend over time, whereas the
Yala season reflects lower production with greater year-to-year variability.
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Table 1: Summary of Regression Coefficients and Smoothing Splines
Category Parameter Estimate Est. Error l-95% CI u-95% CI Rhat Bulk ESS Tail ESS

Smoothing Spline Hyperparameters
sds( sYear_1) 286.47 264.63 8.88 982.21 1.00 8883 11750

Multilevel Hyperparameters
Season (2 levels) sd( Intercept) 555.73 536.31 18.84 1964.68 1.00 11980 13074
Year (29 levels) sd( Intercept) 125.16 33.56 58.56 193.26 1.00 5923 5954

Regression Coefficients
Intercept -82.39 687.36 -1512.80 1337.15 1.00 12746 11459
Drought Impact -81.23 214.16 -503.10 350.32 1.00 14303 17677
Fertilizer Restriction 174.45 162.51 -140.85 513.00 1.00 12093 13887
Fertilizer Ban -533.79 156.94 -836.03 -206.70 1.00 12322 13985
Season (Yala) 109.61 1085.69 -2188.79 2412.70 1.00 12344 10550
Gross Extent Harvested 3.80 0.40 3.01 4.57 1.00 19620 20274
sYear_1 519.83 988.87 -1966.22 2173.13 1.00 9500 8606

Further Distributional Parameters
Sigma 124.70 18.72 94.83 167.77 1.00 7851 9234

A notable decline is observed around 2017–2018, corresponding to adverse
weather conditions and policy changes, after which production levels recover.
The prediction lines closely follow the observed data, and the shaded 95% pre-
diction intervals remain relatively narrow, indicating that the model captures
the production dynamics effectively. These results demonstrate distinct sea-
sonal patterns, withMaha contributing more substantially and more stably to
overall paddy production compared to Yala.

Posterior predictive samples from the fitted model were generated to as-
sess its predictive ability. The Figure 4 displays the distribution of predicted
outcomes, representing the expected value based on the posterior parameters
from the model. These predictions offer insight into the model’s performance
by capturing the underlying trends and variability in the data. The plotted
graph demonstrates the fit of the model by comparing it to the collected data,
highlighting how well the model aligns with the actual patterns. Overall, the
model adequately captures the fundamental patterns in the data, with the pre-
dicted outcomes aligning closely with their observed counterparts, indicating
an acceptable fit.

To further assess model adequacy, residual diagnostics and posterior pre-
dictive checks were conducted to verify that the model captured the underly-
ing data structure without leaving systematic patterns unaccounted for. The
partial autocorrelation function (PACF; Figure 8) showed no substantial tem-
poral dependence beyond lag 1, and the Ljung-Box test was non-significant
(p = 0.1865), indicating no residual autocorrelation. Observed values aligned
well with predicted outcomes, as illustrated by the posterior predictive scat-
terplot (Figure 9), and detailed results are provided in the Supplementary Ma-
terial (Section 9.9). Overall, these evaluations confirm that the model reliably
represents the key data patterns and variability without systematic deviations.
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Fig. 3: Trends in total paddy production during Sri Lanka’sMaha (blue) and
Yala (red) seasons from 1995 onwards. Points represent observed data, solid
lines indicate predicted values, and shaded regions represent 95% prediction
intervals, highlighting variability and uncertainty. Key declines in 2017–2018
reflect environmental and policy impacts.

Fig. 4: Density Overlay of Observed vs Predicted Production.
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Fig. 5: Predicted vs Observed Total Production (Historical and Future).

The future projections for total production in theMaha and Yala seasons,
shown in Figure 5, exhibit distinct seasonal patterns. TheMaha season is pro-
jected to continue growing at a slower rate, with a relatively narrower con-
fidence band, indicating higher confidence in its estimates. In contrast, the
Yala season shows continued growth with a wider confidence band, reflecting
greater uncertainty in its future outcomes. These differences in uncertainty
highlight seasonal variations in production predictability, with Yala showing
greater variability in future trends. The methodology for generating these pro-
jections, including dataset extension and visualization of historical versus fu-
ture predictions, is detailed in the Supplementary Material (Section 9.10).

6 Discussion

Bayesian spline regression and interrupted time series analysis were employed
to assess the impact of the Sri Lankan government’s fertilizer ban imposed in
early 2021, along with precursor restrictions and environmental factors such
as drought, on paddy yield trends. Beyond immediate policy implications, the
study demonstrates the practical application of advanced statistical techniques
in real-world agricultural and policy contexts, contributing to better-informed
policy evaluation and decision-making.

A key finding is the nuanced impact of fertilizer policies: the fertilizer
restriction exhibited a weak positive effect on paddy production with consid-
erable uncertainty, whereas the fertilizer ban corresponded with a pronounced
negative effect, as indicated by the credible interval excluding zero. Some pa-
rameters, including the drought impact and spline term, have relatively wide
credible intervals, reflecting high uncertainty that may arise from limited data
or collinearity among predictors. This uncertainty should be considered when
interpreting the results. These results highlight the need for policymakers to
interpret such interventions with caution, recognizing that effects may not be
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uniform or immediate. Continued monitoring and research remain essential
to fully understand long-term and indirect consequences.

Substantial variability in paddy production across years and seasons was
captured by the spline term (sds(sYear_1)) and the random effects for Season
and Year. The wide credible intervals for these terms indicate considerable
uncertainty in estimating temporal trends, which is likely influenced by the
relatively small number of season-level observations and correlation among
predictors. Including bothYear and Season as random effects allows themodel
to account for the hierarchical structure in the data while quantifying uncer-
tainty appropriately. This underscores the importance of incorporating long-
term temporal factors and seasonal patterns in agricultural analyses. Ignoring
these dynamic influences risks misleading estimates of policy and environ-
mental impacts and may reduce the effectiveness of interventions.

Reductions in paddy yield arise from the interplay of policy measures and
environmental conditions, including droughts and other stressors. Bayesian
spline regression provided the flexibility to disentangle these overlapping ef-
fects, demonstrating the value of advanced statistical models in complex, real-
world settings. The uncertainty in some parameter estimates highlights the
need to interpret results cautiously, acknowledging that the magnitude of cer-
tain effects may vary. This integrated approach serves as a case study for ap-
plying quantitative tools to support welfare and agricultural policy analysis.

A major strength and significant contribution of this study is the adoption
of a probabilistic Bayesian framework, which explicitly quantifies uncertainty
in estimating the effects of fertilizer policies and drought on paddy production.
Unlike traditional frequentist methods that provide single point estimates, our
approach offers a range of plausible outcomes. This probabilistic perspective
is especially important in agriculture and environmental policy, where deci-
sions have wide-reaching and potentially irreversible consequences. More-
over, our emphasis on transparent reporting through posterior intervals and
diagnostic checks can help reduce overconfidence and improve the quality of
policy evaluations.

Finally, the broader relevance of our methodological approach extends be-
yond agriculture. Bayesian spline regression combined with interrupted time
series analysis is a versatile toolkit capable of addressing complex, nonlinear,
and time-dependent phenomena across sectors-from health care to education
to economics. For example, these methods could assess the impacts of health
care policy reforms on patient outcomes, evaluate education policy effective-
ness on student performance, or analyze the economic consequences of fiscal
measures, underscoring the wide utility of Bayesian frameworks in policy re-
search.

7 Conclusion

Our findings underscore the critical role of Bayesian statistical techniques in
evaluating the complexities of agricultural policies and environmental sus-
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tainability. By leveraging Bayesian spline regression and interrupted time se-
ries analysis, this study effectively modeled the nonlinear trends and sudden
shifts in paddy yield data-patterns often encountered in real-world agricultural
systems. The analysis of fertilizer bans, policy restrictions, and droughts pro-
vides nuanced insights into how both policy interventions and environmental
variability shape agricultural outcomes over time.

This research also demonstrates the broader applicability of Bayesianmeth-
ods for addressing complex, multi-factorial challenges across various disci-
plines. The integration of Bayesian spline regression and interrupted time
series analysis offers practical strategies for policymakers, researchers, and
analysts in fields such as health, economics, and education. By explicitly
quantifying uncertainty and capturing both gradual and abrupt changes, this
study highlights how these advanced techniques can support data-informed
decision-making in a wide range of real-world applications.
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9 SUPPLEMENTARYMATERIAL

9.1 Introduction This appendix provides a detailed description of the R
code used to model the paddy production data, incorporating disturbance vari-
ables, reshaping the dataset for analysis, exploratory data analysis (EDA), and
fitting a Bayesian regression model using the brms package. The code also in-
cludes visualization and model diagnostics.

9.2 Required Packages The script starts by installing and loading the re-
quired R packages: tidyr, ggplot2, brms, and dplyr for data manipulation,
visualization, and Bayesian modeling.
# Install and load required package
# install.packages("tidyr")
library(tidyr)
library(ggplot2)
library(brms)
library(dplyr)

Listing 1: Loading Required Libraries

9.3 Data Loading and Disturbance Variables The dataset paddy_
season_data.csv is loaded into the environment. Additional disturbance
variables are added to the dataset:

• Drought_Impact: Indicates whether the year is 2017, the year
affected by drought.

• Fertilizer_Restriction: Indicateswhether fertilizer restric-
tions are in place starting from 2018.

• Fertilizer_Ban: Indicates whether a fertilizer ban is in place
starting from 2021.

# Load the dataset
dataset <- read.csv("paddy_season_data.csv")

# Add disturbance variables
# Drought impact in 2017
dataset$Drought_Impact <- ifelse(dataset$Year == 2017, 1, 0)
# Fertilizer restrictions starting from 2018
dataset$Fertilizer_Restriction <- ifelse(dataset$Year >= 2018, 1, 0)
# Fertilizer ban in 2021
dataset$Fertilizer_Ban <- ifelse(dataset$Year >= 2021, 1, 0)

Listing 2: Adding Disturbance Variables
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9.4 Reshaping the Dataset To prepare the data for modeling, the dataset
is reshaped from a wide to a long format using the pivot_longer function.
The production data for both seasons (Maha and Yala) is combined into a sin-
gle column. Additional transformations ensure the correct mapping of vari-
ables such as Season and Gross_Extent_Harvested.
# Reshape the dataset for combined modeling
combined_dataset <- dataset %>%

select(Year, Drought_Impact, Fertilizer_Restriction, Fertilizer_Ban,
Total_Production_Maha, Total_Production_Yala,
Gross_Extent_Harvested_Maha, Gross_Extent_Harvested_Yala) %>%

pivot_longer(
cols = starts_with("Total_Production"),
names_to = "Season",
values_to = "Total_Production"

) %>%
mutate(

Season = ifelse(Season == "Total_Production_Maha", "Maha", "Yala")
,

Gross_Extent_Harvested = ifelse(Season == "Maha", Gross_Extent_
Harvested_Maha, Gross_Extent_Harvested_Yala)

) %>%
select(Year, Drought_Impact, Fertilizer_Restriction, Fertilizer_Ban,

Season, Total_Production, Gross_Extent_Harvested)

Listing 3: Reshaping the Dataset for Combined Modeling

9.5 Exploratory Data Analysis (EDA) An EDA was performed to sum-
marize and visualize the data beforemodeling. This included descriptive statis-
tics and visualizations of relationships between predictors and the response
variable. This step helps understand data patterns and detect potential issues
such as multicollinearity.

9.5.1 Summary Statistics

To gain a clearer understanding of the dataset, basic summary statistics were
computed by season. These statistics provide insights into the central tendency
and variability of production and harvested area.
# Summary statistics for EDA
eda_summary <- combined_dataset %>%

group_by(Season) %>%
summarise(

Mean_Production = mean(Total_Production),
SD_Production = sd(Total_Production),
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Min_Production = min(Total_Production),
Max_Production = max(Total_Production),
Mean_Harvested = mean(Gross_Extent_Harvested),
SD_Harvested = sd(Gross_Extent_Harvested)

)
print(eda_summary)

Listing 4: Summary Statistics by Season
It is evident from Table 2 that the Maha season has higher average pro-

duction and harvested area compared to the Yala season. The differences in
harvested area are particularly pronounced, with the Maha season covering
nearly twice the mean area of the Yala season.

Table 2: Summary Statistics of Paddy Production and Harvested Area by Sea-
son
Season Mean Production SD Production Min Production Max Production Mean Harvested SD Harvested

(Metric Tons) (Metric Tons) (Metric Tons) (Metric Tons) (Hectares) (Hectares)
Maha 2188.0 546.0 1331 3197 601.0 115.0
Yala 1356.0 396.0 730 2088 358.0 84.6

9.5.2 Visualizing the Trends in Paddy Production

Trends in total production over the years for both seasons (Maha and Yala)
were visualized as part of EDA. The output of the exploratory scatterplot il-
lustrating the relationship between total production and gross extent harvested
for theMaha and Yala seasons is included in the Introduction (Figure 1). This
visualization provides context on production patterns and seasonal differences
prior to modeling.
# Scatterplot for EDA
ggplot(combined_dataset, aes(x = Gross_Extent_Harvested, y = Total_

Production, color = Season)) +
geom_point(size = 2) +
geom_smooth(method = "lm", se = FALSE) +
labs(x = "Gross␣Extent␣Harvested", y = "Total␣Production␣(Metric␣

Tons)") +
theme_minimal()

Listing 5: Scatterplot: Total Production vs Gross Extent Harvested

9.5.3 Visualizing Relationships in Paddy Production

As part of the EDA, relationships between paddy production and key explana-
tory factors were examined. In particular, the association between total pro-
duction and the gross extent harvested was explored, alongside the potential
impacts of droughts and fertilizer restrictions.
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# Scatterplot for EDA
ggplot(combined_dataset, aes(x = Gross_Extent_Harvested, y = Total_

Production, color = Season)) +
geom_point(size = 2) +
geom_smooth(method = "lm", se = FALSE) +
labs(x = "Gross␣Extent␣Harvested", y = "Total␣Production␣(Metric␣

Tons)") +
theme_minimal() +
theme(

panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
axis.line = element_line(color = "black")

)
# Save plot for LaTeX inclusion
ggsave("figures/yield_trends.png", width = 7, height = 5, dpi = 300)

Listing 6: Scatterplot: Total Production vs Gross Extent Harvested

The exploratory scatterplot in Figure 6 illustrates the relationship between
total production and harvested extent across theMaha and Yala seasons.While
both seasons show a clear positive association between harvested extent and
production, the slopes of the fitted trend lines indicate differences in produc-
tivity patterns. The Maha season exhibits higher total production levels for
larger extents harvested, with points more widely dispersed, reflecting greater
variability in yields. In contrast, the Yala season shows a tighter clustering of
observations and a relatively lower production range, suggesting more consis-
tent but smaller-scale harvest outcomes. This comparison provides valuable
context on seasonal production dynamics before modeling.

Fig. 6: Scatterplot of total production versus gross extent harvested for the
Maha and Yala seasons.
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9.5.4 Visualizing the Impact of Policy Interventions on Paddy Produc-
tion

The effect of policy interventions, specifically fertilizer restrictions, on to-
tal paddy production was examined using boxplots. Such visualizations help
reveal differences in production distributions across policy scenarios and sea-
sons, providing preliminary evidence of hierarchical patterns in the data. Sim-
ilar exploratory visualizations were also considered for other key predictors,
such as drought impacts and gross extent harvested, to assess variability and
grouping structures prior to model formulation.
# Boxplot for EDA
ggplot(combined_dataset, aes(x = factor(Fertilizer_Restriction), y =

Total_Production, fill = Season)) +
geom_boxplot() +
labs(x = "Fertilizer␣Restriction␣(0=No,␣1=Yes)", y = "Total␣

Production␣(Metric␣Tons)") +
theme_minimal() +
theme(

panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
axis.line = element_line(color = "black")

)
# Save plot for LaTeX inclusion
ggsave("figures/fertilizer_boxplot.png", width = 7, height = 5, dpi =

300)

Listing 7: Boxplot: Total Production by Fertilizer Restriction
The boxplot in Figure 7 illustrates the distribution of total production for

cases with and without fertilizer restrictions, separated by season (Maha and
Yala). It is evident that theMaha season generally has higher production val-
ues than the Yala season across both policy conditions. Additionally, produc-
tion variability appears higher when fertilizer restrictions are applied, partic-
ularly for theMaha season. These patterns highlight how policy interventions
interact with seasonal differences in production and provide context for the
hierarchical modeling of the data.

9.6 BayesianModel Fitting The Bayesian model is defined and fitted us-
ing the brms package. The model includes a thin plate spline for the year vari-
able (s(Year, bs = "tp")), disturbance variables, and random effects for
Year and Season. The model is fit using 10,000 iterations with 3,000 warm-
up iterations.
combined_model <- brm(

formula = Total_Production ~ s(Year, bs = "tp") + Drought_Impact +
Fertilizer_Restriction + Fertilizer_Ban + Season +
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Fig. 7: Boxplot of total paddy production by fertilizer restriction (0 = No, 1
= Yes) for the Maha and Yala seasons.

Gross_Extent_Harvested +
(1 | Year) + (1 | Season),

data = combined_dataset,
family = gaussian(),
iter = 10000,
warmup = 3000,
control = list(adapt_delta = 0.9999, max_treedepth = 15)

)

Listing 8: Fitting the Bayesian Model

9.7 ModelDiagnostics andVisualization Posterior predictive checkswere
performed using the pp_check function to evaluate the model’s fit (Figure 4).
Residuals from the model were also calculated and visualized to assess model
performance.

# Posterior predictive check (density overlay) with 300 draws
pp_check_plot_combined <- pp_check(combined_model, type = "dens_

overlay", ndraws = 300) +
ggtitle("Posterior␣Predictive␣Check:␣Combined␣Production␣-␣

Density␣Overlay")
print(pp_check_plot_combined)

# Generate posterior predictive samples
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posterior_samples <- posterior_predict(combined_model, draws =
100)

# Calculate predicted values (mean across draws) and residuals
combined_dataset$predicted_Total_Production <- apply(posterior_

samples, 2, mean)
combined_dataset$residuals_combined <- combined_dataset$Total_

Production - combined_dataset$predicted_Total_Production

# Calculate 95\% prediction intervals
combined_dataset$lower_bound <- apply(posterior_samples, 2,

function(x) quantile(x, 0.025))
combined_dataset$upper_bound <- apply(posterior_samples, 2,

function(x) quantile(x, 0.975))

# Visualize residuals
ggplot(combined_dataset, aes(x = residuals_combined)) +

geom_histogram(bins = 30, fill = "lightblue", color = "black")
+

ggtitle("Residuals␣from␣Posterior␣Predictive␣Check␣-␣Combined␣
Model") +

xlab("Residuals") + ylab("Frequency")

Listing 9: Posterior Predictive Check and Residuals

9.8 Prediction and Visualization of Observed vs Predicted Production
The script generates posterior predictive samples and calculates the 95% pre-
diction intervals. Observed and predicted production are visualized with pre-
diction intervals (Figure 3).

# Plot observed vs predicted production with prediction intervals
ggplot(combined_dataset, aes(x = Year)) +

# Observed data as points
geom_point(aes(y = Total_Production, color = Season, shape = "

Observed␣Data"), size = 2) +

# Predicted values as lines
geom_line(aes(y = predicted_Total_Production, color = Season),

size = 1) +
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# Prediction intervals as ribbons
geom_ribbon(aes(ymin = lower_bound, ymax = upper_bound, fill =

Season), alpha = 0.3) +

labs(x = "Year", y = "Total␣Production␣(Metric␣Tons)", title =
"") +

scale_color_manual(values = c("Yala" = "red", "Maha" = "blue"))
+

scale_fill_manual(values = c("Yala" = "red", "Maha" = "blue"))
+

scale_shape_manual(name = "", values = c("Observed␣Data" = 16))
+

theme_minimal() +
theme(legend.title = element_blank(),

legend.position = "bottom",
panel.grid = element_blank(),
axis.line = element_line(colour = "black"),
axis.ticks = element_line(colour = "black"),
axis.text = element_text(colour = "black")) +

facet_wrap(~ Season, scales = "free_y", nrow = 2)

Listing 10: Observed vs Predicted Total Production with Prediction Intervals

9.9 Residual and Predictive Checks To evaluate the adequacy of the fit-
ted model, residual partial autocorrelation, the Ljung-Box test, and posterior
predictive checks were examined.

The partial autocorrelation function (PACF) of residuals was computed
and plotted using:
pacf(residuals_combined, main = "PACF␣of␣Model␣Residuals")

Listing 11: PACF of model residuals

The PACF indicated no substantial temporal dependence beyond lag 1,
suggesting that the spline term and random effect for Year sufficiently cap-
tured temporal variation (Figure 8). In particular, the PACF allows assessment
of correlation at a given lag after accounting for correlations at shorter lags,
providing a clearer picture of any remaining temporal structure than the stan-
dard ACF.

Residual autocorrelation was further assessed with the Ljung-Box test:
Box.test(residuals_combined, lag = 20, type = "Ljung-Box")
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Listing 12: Ljung-Box test for residual autocorrelation

The test yielded a p-value of 0.1865, indicating no significant residual
autocorrelation and supporting the conclusion that temporal dependence was
adequately addressed by the model.

Posterior predictive checks were performed using:

pp_check(combined_model, ndraws = 100) # density overlay
pp_check(combined_model, type = "scatter_avg") # average predictive

scatterplot

Listing 13: Posterior predictive checks

The density overlay shows close agreement between the observed and
simulated data distributions (Figure 4), while the average predictive scatter-
plot demonstrates good alignment between observed and predicted values
(Figure 9). Together, these diagnostics indicate that the model assumptions
were reasonably satisfied, and no further time-series adjustments were re-
quired.

Fig. 8: Partial autocorrelation function (PACF) of residuals from the fitted
model. No strong temporal autocorrelation was observed beyond lag 1.

9.10 Future Predictions To visualize future production (2024–2030), the
dataset is extended, predictions are generated, and historical vs future predic-
tions are plotted with dashed lines for future values (Figure 5).

# Future data preparation
future_years <- 2024:2030
future_data <- expand.grid(

Year = future_years,
Season = c("Maha", "Yala"),
Drought_Impact = 0,
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Fig. 9: Posterior predictive scatterplot (average) indicating close alignment
between observed and predicted values.

Fertilizer_Restriction = 1,
Fertilizer_Ban = 1,
Gross_Extent_Harvested = mean(combined_dataset$Gross_Extent_

Harvested, na.rm = TRUE)
)

# Generate predictions for future data
future_predictions <- posterior_epred(combined_model, newdata =

future_data, allow_new_levels = TRUE)
future_data <- future_data %>%

mutate(predicted_Total_Production = apply(future_predictions,
2, mean),

lower_bound = apply(future_predictions, 2, quantile,
0.025),

upper_bound = apply(future_predictions, 2, quantile,
0.975),

Total_Production = NA,
is_future = TRUE)

# Combine historical and future data
all_data <- rbind(

combined_dataset %>% select(Year, Season, Total_Production,
predicted_Total_Production, lower_bound, upper_bound) %>%
mutate(is_future = FALSE),
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future_data %>% select(Year, Season, Total_Production,
predicted_Total_Production, lower_bound, upper_bound, is_
future)

)

# Plot combined historical and future predictions
ggplot(all_data, aes(x = Year)) +

geom_point(aes(y = Total_Production, color = Season, shape = "
Observed␣Data"), size = 2) +

geom_line(aes(y = predicted_Total_Production, color = Season,
linetype = is_future), size = 1) +

geom_ribbon(aes(ymin = lower_bound, ymax = upper_bound, fill =
Season), alpha = 0.3, color = NA) +

labs(x = "Year", y = "Total␣Production␣(Metric␣Tons)", title =
"") +

scale_color_manual(values = c("Yala" = "red", "Maha" = "blue"))
+

scale_fill_manual(values = c("Yala" = "red", "Maha" = "blue"))
+

scale_shape_manual(name = "", values = c("Observed␣Data" = 16))
+

scale_linetype_manual(name = "", values = c("FALSE" = "solid",
"TRUE" = "dashed"),

labels = c("Historical␣Predictions", "Future
␣Predictions")) +

theme_minimal() +
theme(legend.title = element_blank(),

legend.position = "bottom",
panel.grid = element_blank(),
axis.line = element_line(colour = "black"),
axis.ticks = element_line(colour = "black"),
axis.text = element_text(colour = "black")) +

facet_wrap(~ Season, scales = "free_y", nrow = 2)

Listing 14: Historical and Future Predictions with 95% Prediction Intervals
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