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Abstract 

 Sri Lanka’s 2021 ban on agrochemicals – and subsequent country-wide rice yield loss –  

offers a rare opportunity to study the components of yield resiliency during system-wide 

transitions away from synthetic agricultural inputs. We combine a six-year Sentinel-2 satellite 

based remote sensing analysis with semi-structured farmer interviews to assess heterogeneous 

yield impacts, recovery rates and post-ban adaptation strategies among rice farms in Sri Lanka’s 

Anuradhapura District. Using Normalized Difference Red Edge (NDRE) and a panel of 100,000 

pixels, we developed three tools for measuring rice farm productivity changes before, during and 

after the ban. In parallel, we analyzed farmer interview responses through partitioning-around-

medoids cluster analysis to identify farm typologies linked to farm attributes, reported yield loss, 

and yield recovery times. Both methods found that farms with the lowest pre-ban productivity 

experienced the smallest relative yield losses and fastest recoveries. The two methods identified 

different categories of most impacted farmers: our remote sensing analysis pointed to the highest 

productivity farmers experiencing the largest yield loss and largest recovery, while our cluster 

analysis identified these impacts in the middle-resource farmer cluster. Interview data further 

indicated that crop rotation, access to large-scale irrigation resources, proximity to government 

extension, previous usage of organic farming practices, and participation in post-ban trainings 

were associated with greater yield resiliency. Our findings highlight the power of pairing land-

scape level satellite remote sensing monitoring with targeted, resource-sensitive farmer 

interventions for supporting any future large-scale transitions away from agrochemicals.  
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Introduction 

Rice (Oryza sativa) is one of the most important food crops in the world, covering 165 

million hectares of land and providing more than 20% of all calories consumed worldwide (Abdo 

et al., 2024; Fukagawa & Ziska, 2019). Modern rice yields are supported by the widespread 

adoption of chemical agricultural inputs, such as synthetic fertilizers and pesticides, with 

industrially produced fertilizer supplying an estimated 43% of all nitrogen inputs for global rice 

production over the last 50 years (Ladha et al., 2016). While industrially developed agrochemicals 

have created a steady supply of food, their intensive use in modern rice agriculture has been 

associated with strong negative externalities, such as environmental pollution and negative public 

health outcomes (J. Yang et al., 2025). Additionally, many countries import a large percentage of 

their agrochemicals, coupling domestic yield stability and food security to volatile international 

supply chains that can be impacted by economic and geopolitical turmoil (Sandström et al., 2024; 

Zhang et al., 2023). Organic agriculture and similar approaches – which aim to replace synthetic 

fertilizers and pesticides with biologically derived inputs and ecologically based practices – 

represent a potential pathway for reducing farmer reliance on external inputs and increasing 

ecosystem service outcomes (Wittwer et al., 2021). While there is a robust literature exploring 

challenges and benefits of organic adoption at the farm level – including a well-documented gap 

between conventional and organic farm yields (Badgley et al., 2026; De La Cruz et al., 2023) – 

few opportunities exist to study the implications of transitioning away from conventional 

agrochemical use at a regional or industry scale (Brunelle et al., 2024). 

Only three contemporary cases of government efforts to eliminate agrochemical use at the 

regional level exist: Sikkim State, India’s 2016 Organic Mission; Bhutan’s 2018 Organic 

Agricultural Development Strategy; and Sri Lanka’s 2021 Imports and Exports (Control) 
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Regulations No. 07 ban on imported agrochemicals (ICIMOD, 2018; Singh, 2020; USDA/FAS, 

2021). Of these three experiments in large-scale conversions away from agrochemicals, Sri Lanka 

possesses the largest and most complex agricultural sector, attempted the most abrupt transition 

away from agrochemicals, and experienced the most intense post-transition yield shock (Babajani 

et al., 2023; Drechsel et al., 2025). The abrupt nature and severe impact of Sri Lanka’s 

agrochemical ban creates a compelling case study for analyzing how farmers are impacted by – 

and adapt to – systemic transitions away from the use of agrochemicals. 

Sri Lanka’s official agrochemical ban was enacted from May to November 2021, amidst 

international economic instability and fertilizer price spikes emanating from COVID-19 supply 

chain disruptions and the Russia-Ukraine war (Vos et al., 2025). Though the ban only lasted six 

months, the impact was severe. Government of Sri Lanka data shows that the rice yield for the 

major growing season following the ban (September 2021 to March 2022, known locally as the 

“Maha” season) was 40% lower than the mean of the preceding three Maha seasons. Two years 

after the ban was rescinded, the national average Maha yield rate was still 17% lower than the pre-

ban mean (Department of Census & Statistics, 2024). While international economic turmoil and 

local environmental conditions may have been contributed to the harvest 2022 yield shock, 

multiple studies have identified ban-related synthetic fertilizer shortages as the main contributor 

to yield losses (Drechsel et al., 2025; Ghose et al., 2023). 

Much of the research exploring the impacts of Sri Lanka’s attempted transition away from 

agrochemicals has focused on analyzing the macro-level effects of the agrochemical ban and the 

constraints that led the original policy to fail. Drechsel et al. (2025) explored the Governmental 

reasoning behind – and national impacts of – the agrochemical ban, finding that at the time of the 

ban, there were no logical pathways for preserving farm yields through successfully replacing 
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imported synthetic fertilizer with local organic alternatives. Fein-Cole et al. (2024) further 

confirmed this finding through a nutrient flow analysis, identifying that there was a fundamental 

gap between the local crop nutrient needs and the local production potential of organic fertilizer 

sources (manure and human fecal sludge composting). An economic analysis of the ban’s effects 

on Sri Lanka’s broader agricultural industry by Ghose et al. (2023) found the effects of the ban 

across crop sectors were negative but heterogeneous, with the rice sector facing the third highest 

yield loss (after maize and potatoes) and an overall average welfare loss equivalent to a 7% 

decrease in income across all agricultural workers. Köpke (2026) further explored the rationale 

and failure of the agrochemical ban through a political ecology framework, finding that though the 

need to decrease agrochemical pollution had been the subject of national debate for over ten years, 

the actual enaction of the 2021 ban had little chance of success due to the abrupt nature of ban 

enactment, opaque government reasoning provided for the ban, absence of transition supporting 

programs (organic fertilizer access, knowledge transfer programs, yield loss compensation 

schemes) and lack of local stakeholder consultation. However, few attempts have been made to 

understand the variability in yield loss for different farms, such as those with higher versus lower 

productivity, seeking to answer the question: “who was most affected and why”? 

One of the most thorough analyses of farm-level ban impacts was conducted by Bandara 

et al. (2023), who administered surveys to 625 rice farmers immediately after the ban to collect 

data on farmer demographics, practice changes and coping strategies. Bandara et al. found that 

while 70% of farms reported using some chemical fertilizers in the Maha season following the 

ban, application rates were reduced across farms due to high fertilizer prices and limited 

availability. Additionally, Bandara et al. found that farms’ irrigation schemes played an important 

role in post-ban chemical fertilizer use, with farms from major irrigation schemes 16% more likely 
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to apply chemical fertilizer than farms from minor schemes. This specific distinction between 

major and minor irrigation schemes is used by the Government of Sri Lanka to categorize rice 

paddies based on the size of their supporting reservoir – locally known as a tank. Major tank 

irrigation schemes are connected to large-scale reservoirs that service >80 ha of rice land and are 

usually municipally run with consistent irrigation during major (Maha) and minor (Yala) seasons. 

Minor tank irrigation schemes are connected to small, often locally run reservoirs, service <80 ha 

of rice land, and feature consistent irrigation in the major season with intermittent irrigation in the 

minor season. Finally, farms in rainfed land have no irrigation access, making rice cultivation only 

possible during the major season, and not in the minor season (Bebermeier & Schütt, 2020). Aside 

from Bandara et al. exploring post-ban farmer responses based on irrigation scheme, there has 

been little additional investigation of how farm-level characteristics influenced rice productivity 

outcomes following the ban. 

Research exploring ban impacts at the farm-level is limited by data availability. 

Government of Sri Lanka agricultural data is aggregated at the District-scale and differentiated 

solely by irrigation scheme, making it difficult to understand the magnitude of yield loss across 

different fields and, in turn, how quickly those fields returned to their normal yield levels following 

the ban. If some farms were able to avoid a reduction in yield while others suffered greatly, 

important lessons can be learned about how different farming system attributes, practices, support 

structures, and adaptation strategies may have helped reduce the negative impacts of the ban – 

helping inform future programs and policies supporting a transition towards organic agriculture. 

This study addresses this knowledge gap by exploring whether different farmer attributes are 

associated with divergent abilities to preserve and recover yields post-ban.  
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Various studies have explored how different agricultural and environmental characteristics 

may promote yield resiliency, in this study defined as the ability to avoid prolonged yield loss 

following a perturbation such as extreme weather, pests/diseases, or input supply shocks (Urruty 

et al., 2016). Satellite remote sensing data has been used to measure components of yield resiliency 

through crop yield estimation and crop health assessment (Dela Torre et al., 2021; Yu et al., 2026), 

including for rice systems in Sri Lanka (Özdoğan et al., 2025). Ahvo et al. (2023) modeled the 

impact of different agricultural input shocks on expected yields and found that shocks to 

conventional fertilizer supplies were associated with the largest yield decreases (as compared to 

shocks in pesticides and machinery) and that high-yield farming regions were particularly 

vulnerable. Satellite remote sensing has also been used to analyze components of agricultural yield 

gaps (Jain et al., 2017), as well as predict risks and estimate the effects of crop yield shocks in 

large agricultural regions (Benami et al., 2021; Biggs et al., 2010; Murray et al., 2018; White et 

al., 2020). 

At the farm level, numerous case studies have worked to explore how different farmer 

attributes are related to post-shock yield resiliency. Research studying farm-level adaptation 

patterns to regional-level climate change impacts by Shukla et al. (2019) found that diverse farmer 

adaptation strategies clustered into distinct categories based on a farmers’ personal attributes, 

resource/capital endowments, and production practices. Modeling by Michalscheck et al. (2023) 

also found categorical differences in predicted farmer outcomes to various shocks based on low, 

medium, or high resource endowment classifications. The authors found that farmers in the middle 

class would experience the worst post-shock profit and food security outcomes – speculating that 

these farmers are particularly vulnerable due to overextending their accessible resources. As of 

drafting, we have yet to find any research combining landscape-scale assessment tools – such as 
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satellite remote sensing – with farm-level outreach to analyze factors related to farmer yield 

resiliency during periods of agricultural transition. 

The abrupt and ubiquitous nature of Sri Lanka’s agrochemical ban, and subsequent yield 

shock, creates an opportunity for studying mechanisms associated with farm-level yield resiliency 

and adaptation strategies during transitions away from conventional agrochemical inputs. In this 

paper we conduct a multimethod analysis of post-ban farmer yield resiliency in Sri Lanka’s 

Anuradhapura District, combining a six-year, district-wide remote sensing time-series analysis 

with in-country farmer interviews. Our research builds upon previous methods for exploring 

farmer resiliency to yield shocks to contribute to research exploring the impacts of Sri Lanka’s 

agrochemical ban. The objectives are to a) map and assess landscape-level heterogeneity of rice 

yield impacts related to the 2021 agrochemical ban on farms in Anuradhapura, and b) identify 

factors related to heterogeneous post-ban yield preservation and recovery at the landscape and 

farm level. 

Materials and Methods 

Study Area and Remote Sensing Data 

This study consists of a six-year remote sensing timeseries analysis (2019-2024) and a 

2025 in-country farmer survey in Sri Lanka’s Anuradhapura District, the district with the highest 

amount of domestic rice production. Located in the north-central dry zone, the district contributed 

between 13% and 17% of annual national Maha-season rice production during our study interval 

(Department of Census and Statistics, 2025). The main Maha growing season runs roughly from 

October through March the following year, with average seasonal monsoon precipitation of 1,000 
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mm providing the basis for rice production water inputs (Department of Census and Statistics, 

n.d.-a; HDX, 2026). Maha seasons and year labels are designated by harvest year in this study.  

In the 2025 Maha season, rice was grown on approximately 127,200 ha in the 

Anuradhapura district, with approximately 44% in major tank irrigation, 42% in minor tank 

irrigation, and 14% in rainfed systems. Average district Maha seasonal yield rates across all 

irrigation systems in the three years prior to the ban ranged from 5,098 to 5,414 kg ha-1 

(Department of Census and Statistics, 2025; Slycan Trust, 2022). Additional seasonal 

Anuradhapura District Maha environmental and agricultural data can be found in Supplementary 

Materials Figure A4 through A6, and Tables A1 through A4. 

To assess the impact of the agrochemical ban across different farms in the Anuradhapura 

District, we used high-resolution satellite imagery from the European Space Agency Sentinel-2 

satellites (European Space Agency, n.d.) to create a panel dataset of the pixel-level Normalized 

Difference Red Edge (NDRE, Equation 1) values for 100,000 rice farm pixels. NDRE is a remote 

sensing vegetation index which measures the spectral reflectance of wavelengths correlated with 

chlorophyll content – a strong predictor of plant health – and has proven to be one of the highest-

quality remote sensing proxies for rice yield (Rehman et al., 2022). Pixels are scaled at 10m x 10m 

resolution, approximately .5% of the 2.2 ha average rice farm size reported by this study’s 

interviewed farmers. We treat each sampled pixel as an in-field representative crop area for its 

respective farm, allowing us to compare post-ban yield impacts in farms across the region.  

NDRE:  
Near Infrared − Red−Edge

Near Infrared + Red−Edge
 =  

Band 8 − Band 5

Band 8 + Band 5
      (1) 

 To create our remote sensing panel data, we processed Sentinel-2 satellite images in Google 

Earth Engine over a six-year timeseries (Google Earth Engine, n.d.; Sentinel-2 Datasets in Earth 
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Engine, n.d.; Gorelick et al., 2017). Imagery acquisition followed the approach of Yewle et al. 

(2025) for Sentinel-2 based yield prediction in monsoon climates; images with less than 60% cloud 

coverage after cloud masking were acquired in a 60-day crop maturation interval to ensure an 

adequate catalog of imagery data for yield modeling during cloudy conditions. We collected the 

maximum NDRE (hereafter referred to as max NDRE) value for each sample pixel between 

January 1 and March 1 of each year in our time series, approximately 70 to 90 days after the 

beginning of Maha season. This timeframe corresponded to approximately 11 Sentinel-2 satellite 

regional passes and coincides with the booting stage of rice, a plant development period when rice 

NDRE reaches its maximum potential level and field max NDRE is a strong predictor of yield (De 

Lima et al., 2021; Rao et al., 2024).  

The spatial extent of the analysis was defined as rice pixels within a 50 kilometer radius of 

the Anuradhapura district capital, as delineated by the FAO-EOSTAT 2024 land-use rice pixel map 

(FAO - EOSTAT, 2025), encompassing 119,400 ha of rice land, approximately 94% of the 2025 

Maha reported harvest acreage (Department of Census and Statistics, 2025). We created a random 

sample of 100,000 rice pixels (corresponding to 1,000 hectares) in our study area to generate our 

max NDRE timeseries panel data, the annual mean max NDRE of all sample pixels strongly 

correlated with Government of Sri Lanka reported Anuradhapura District average Maha seasonal 

rice yield rates (R2 = 0.84, Appendix A3) (Department of Census & Statistics, 2024). Of all the 

various remote sensing vegetation index configurations we tested, max NDRE was the most highly 

correlated with GOSL reported yield, a methodological flowchart of our remote sensing survey 

and analyses of different vegetation indices can be found in Supplementary Figure A1 and A2. 
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Figure 1. Our study region in the  Anuradhapura District in north-central Sri Lanka; identified rice 

pixels encompass approximately 119,446 hectares.    

 

 

 

 

N 
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Figure 2.  Comparison of 100,000 pixel sample median max NDRE with Government of Sri 

Lanka reported annual Anuradhapura district average maha season rice yield rates (r2 = .8443, P-

value = .00961), shaded band identifies approximate ban period. (Department of Census and 

Statistics, 2024) 

 

Remote Sensing Indicators 

Three remote sensing indicators were derived from the Maha seasonal max NDRE 

composites to gauge the immediate and medium-term impact of the 2021 agrochemical ban. In 

order to characterize the geospatial diversity of farm yield recovery at the district-scale, we adapted 

remote sensing indicators from landscape-level disturbance ecology methodology for their ability 

to measure comparative vegetative recovery after large-scale disturbances (Miller & Thode, 2007; 

Van Ruijven & Berendse, 2010; White et al., 2020).  

Baselinep (Equation 2) is the mean value of each rice pixel’s max NDRE for Maha harvest 

seasons 2019 through 2021, and serves as an indicator of pre-ban rice productivity. 
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MaxNDRE𝑝,2022 is each rice pixel’s max NDRE value for Maha harvest season 2022. 

MaxNDRE𝑝,2024  is each rice pixel’s max NDRE for Maha harvest season 2024. Shockp  (Equation 

3) computes the ratio of each pixel’s 2022 MaxNDRE to its Baseline, serving as a pixel-level 

indicator of immediate ban yield impact on rice productivity. Recoveryp  (Equation 4) computes 

the ratio of each pixel’s 2024 MaxNDRE to its baseline, serving as an indicator of medium-term 

rice productivity recovery. 

Baseline: Baseline𝑝 = 1/3 ∑ MaxNDRE𝑝,𝑡
2021
𝑡=2019        (2) 

Shock Ratio:    Shock𝑝 =  
MaxNDRE𝑝,2022

Baseline𝑝
       (3) 

Recovery Ratio:    Recovery
𝑝

=
MaxNDRE𝑝,2024

Baseline𝑝
      (4) 

Each indicator was applied to our 100,000-pixel sample and categorized into three classes 

(high, medium, and low) based on sample tertiles. Class thresholds were then applied to our Google 

Earth Engine study area to create a geospatial distribution of each indicator class. To analyze 

correlations between farm Baseline class and ability to preserve or recover yields post-ban, a 

Sankey diagram was constructed to trace the flow of Baseline Class pixels through Shock Ratio 

and Recovery Ratio in our sample. 

 High Medium Low Mean 

Baseline >0.6208 0.6208 – 0.5519 <0.5519 0.579 

Shock Ratio <0.7813 0.9139 – 0.7813 >0.9139 0.847 

Recovery Ratio >1.0435 1.0435 – 0.9413 <0.9413 0.997 

 

Table 1. Sample means and high, medium, and low-class thresholds for Baseline, Shock Ratio and 

Recovery Ratio, class established through pixel sample tertiles for each respective indicator. (Note: 

for the Shock Ratio indicator, a lower value indicates a greater yield reduction, and thus a higher 

shock). 
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Figure 3. Geospatial distribution of most 

common class for each indicator in aggregated 

10 ha pixels in our study area. Geographical 

clustering patterns were observed across all 

indicator types and classes.  
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Semi-structured Farmer Interviews 

We conducted 30 semi-structured interviews with rice farmers in the Anuradhapura District 

in August 2025, collecting data on farmer attributes, agricultural practices, and ban impacts. 

Interview methodology drew on previous work analyzing how different smallholder farmer 

characteristics were associated with perceptions and adoption of low agrochemical practices  

(Batas et al., 2025; Digal & Placencia, 2019; Sujianto et al., 2024), blending semi-structured 

interviews with a structured questionnaire to generate quantitative and qualitative data on farmer 

demographics, farm characteristics, ban impacts, input characteristics, supporting structures, and 

sentiments towards local organic farming. The interviews were conducted in Sinhala through a 

local research assistant, and responses were recorded using the KoboToolbox survey software 

(KoboToolbox, n.d.). A full list of interview questions and participant responses can be found in 

Supplementary Table A6.   

Survey participants were recruited through criterion-based opportunistic sampling in our 

study area (Kondo et al., 2014; Patton, 2014). To identify potential participants, we generated 

random points in our rice map using Google Earth Engine and conducted household visits in areas 

logistically accessible and proximate to random sample points. Participants were selected based 

on house proximity to a random sample point, evidence of rice farming, and willingness to 

interview.   
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Variable 
Included 

in CA/CP 
Data Type 

Mean / Most Reported 

(Frequency) 

Farmer Demographics  

Gender CA Categorical Male (80%) 

Mean age CA Continuous 50.34 years 

Mean years rice farming CA Continuous 22.07 years 

Education level 

(primary/secondary/university) 

CA Categorical 

(ordinal) 

Secondary (73%) 

Farm Characteristics 

Irrigation scheme type 

(major/minor/rainfed) 

CA Categorical Minor (53%) 

Farm area  CA Continuous 2.227 ha 

2025 yield rate CA Continuous  3,662 kg ha⁻¹ 

Distance to nearest extension office CA Continuous 7.35 km 

Multicrops in offseason CA / CP Categorical 27%  

Ban Impacts  

Estimated Maha 2022 yield loss 

(n=27) 

CA Continuous 48.5% 

Estimated years to recovery (n=27) CA Continuous 2.1(2023 maha) 

Most reported non-yield ban effects 

(n=27) 

CP Categorical 66% Higher labor need 

(n=27); 55% lower cost of 

management (n=27); 47% 

increased pest pressure 

(n=17) 

Most reported practices that helped 

recover post-ban yields (n=27) 

CP Categorical 76% black market urea 

(n=17); 55% inclusion of 

organic inputs (n=27) 

Inputs Characteristics 

Using organic inputs/methods 

before ban (n=27) 

CP Categorical No (80%) 

Use organic or reduced chemical 

practices in the last two years (Maha 

2024 or 2025) (n=27) 

CP Categorical No (80%) 

Seed/input supply CP Categorical 90% Small agribusiness; 

53% government station; 

46% saved seeds 

2024 Pesticide usage (n=27) CP Categorical 76% pesticide and 70% 

herbicides as needed 

Supporting Structures  

Primary market access CP Categorical Middlemen (97%); home 

consumption (100%); no 

access to organic premium 

market (97%) 

Primary source of farming 

information 

CP Categorical Fellow farmers (73%); 

government extension 
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(66%); personal experience 

(57%) 

External support received for 

organic adoption 

CP Categorical None (56%) 

Sentiments towards local organic farming 

Sentiments on Organic Agriculture 

in Sri Lanka – 1 (low) to 5 (high) 

CP Continuous 

(Likert 

scale) 

2.93 

 

Table 2 Summary statistics and descriptions of survey variables used for cluster analysis (CA) and 

cluster profiling (CP). Due to survey adaptation on day 2 and 4 some categories have fewer total 

responses than others, unless otherwise noted n=30. Percentages may not sum to 100% due to 

multiple responses. 

 

Statistical Analysis of Farmer Responses    

We identified key variables from our semi-structured interviews to conduct a statistical 

cluster analysis and construct cluster profiles (Table 2).  All statistical analyses were conducted in 

RStudio (version 2026.04) and proceeded in three stages. First, descriptive statistics (means, 

standard deviations, ranges) were computed for all continuous variables, and frequency 

distributions were tabulated for categorical variables.   

Second, a multivariate cluster analysis of key farmer demographics, farm characteristics, 

and ban impacts (percent yield loss in Maha season following ban and number of years until full 

yield recovery) was conducted to identify latent farm typologies and examine whether naturally 

occurring farm groupings occurred. Partitioning around medoids (PAM) was used as the clustering 

algorithm. Gower distance was used to construct a dissimilarity matrix (Szepannek et al., 2025), 

accommodating the mixed data types (numeric and categorical) present in the dataset. Clusters 
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were characterized using group means and frequency tables, and differences in recovery time 

across clusters were tested with the Kruskal-Wallis H-test. Two-dimensional visualization of 

cluster structure was achieved via Multidimensional Scaling (MDS) of the Gower distance matrix. 

Once initial clusters were identified, we computed means and frequencies for each cluster’s 

continuous and categorical variables (ban impacts, farm practices, input characteristics, and 

supporting structures) to analyze meaningful variations among farm typologies. Cluster 

comparisons were adapted from Shukla et al.'s (2019) methods for exploring how smallholder 

farmer typologies were related to climate change adaptation strategies.  

Results 

 Both our remote sensing indicator and our semi-structured interview analyses found 

distinct and heterogeneous post-ban impact and recovery patterns across different types of farms.   

Remote Sensing Indicator Outcomes by Baseline Class 

 Projecting our Baseline, Shock Ratio, and Recovery Ratio indicator classes onto our study 

area shows distinct geospatial clustering patterns (Figure 2). High Baseline pixels are most 

represented in the eastern and south-western areas of the Anuradhapura District, while Low 

Baseline pixels are most highly concentrated in central and northern areas. The clustering pattern 

remains consistent as each Baseline class moves through a distinctive Shock Ratio and Recovery 

Ratio path. Publicly available geographic data for this region lacks the resolution for comparative 

analysis, but maps published by the Government of Sri Lanka and previous researchers show that 

higher Baseline areas tend to feature slightly high relative soil type diversity (Marambe et al., 

2020), higher population densities (Perera, 2015) and higher historic investment in major irrigation 

schemes (Weligamage, 2005). 
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In our 100,000-pixel sample, the magnitude of negative rice productivity impacts (Shock 

Ratio) and degree to which productivity returned to pre-ban levels (Recovery Ratio) were strongly 

influenced by whether pixels had low, medium, or high productivity prior to the ban (Figure 3). 

Low Baseline pixels experienced the lowest yield declines and strongest recovery trajectories by 

2024. Out of the 33,334 Low Baseline pixels, 56% (n=18,613) experienced a Low Shock Ratio 

and 60% (n=19,832) experienced a High Recovery Ratio. Among the Low Baseline with High 

Recovery Ratio pixels, 63% came from Low (n=12,472), 22% from Medium (n=4,433) and 15% 

from High (n=2,927) Shock Ratio pixels, indicating that strong recovery among low-productivity 

pixels was broadly distributed across all shock severity levels. 

This pattern was reversed for the High Baseline pixels, of which 51% (n=17,083) 

experienced a High Shock Ratio and 50% experienced a Low Recovery Ratio (n=16,539). Among 

High Baseline with Low Recovery Ratio pixels, 9% came from Low (n=1,423), 34% came from 

Medium (n=5,667) and 57% came from High (n=9,449) Shock Ratio pixels.  

Medium Baseline pixels (n=33,333) were much more evenly distributed than the other two 

Baseline Classes. 32% of Medium Baseline pixels experienced a Low (n=10,542), 38% 

experienced a Medium (n=12,502) and 31% experienced a High Shock Ratio (n=10,289). These 

distributions were consistent for Medium Baseline Recovery Ratio:  32% experienced a Low 

(n=10,513), 36% experienced a Medium (n=11,959) and 32% experienced a High (n=10,861) 

Recovery Ratio (regardless of Medium Baseline Shock Ratio). 

 We constructed a Sankey diagram to better illustrate each pixel’s path through Shock and 

Recovery Indicators based on their original Baseline class. Band color represents the different 

Baseline class (Low Baseline = red, Medium Baseline = light blue, High Baseline = dark blue); 

the nodes represent the different classes Shock and Recovery indicators; and the width of each 
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band is directly proportional to the number of pixels that took a given path between nodes. The 

Sankey diagram assists in observing both trends – like the most common paths mentioned above 

– as well as outliers – like the rarest High Baseline-Low Shock-High Recovery path (2% of all 

High Baseline pixels).  

  

Figure 4. Sankey Diagram of Shock Ratio and Recovery Ratio by Baseline Class for our 100,000-

pixel sample. Colored paths indicate original Baseline Class of the pixel; Low, Medium and High 

categories are assigned via tertiles for each indicator.  
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The mirrored patterns of the Low Baseline and High Baseline pixels’ paths through Shock 

and Recovery indicators in Figure 4 are likely partially attributed to a disproportionate amount of 

sample data noise in the High and Low Baseline classes leading to a regression to the mean for 

pixels which experienced an unusually high or low max NDRE in one of the years comprising our 

Baseline timeseries. The coefficients of variation across all pixels per year (Table 3) show that the 

percentage of the coefficient of variation in 2022 (18%) is within the pre-ban range of the 

preceding three years (16.0% to 19.6%), suggesting that all pixels experienced a broadly similar 

post-ban shock. The coefficient of variation fluctuates out of the pre-ban range for the next two 

years, with 2023 having the highest coefficient of variation (20.5%) and 2024 having the lowest 

coefficient of variation (14.4%) percentage of the entire timeseries. This narrowing may reflect a 

convergence in max NDRE across Baseline classes; Low Baseline pixels are rising above their 

pre-ban max NDRE while High Baseline pixels remained below their pre-ban levels, closing the 

gap between the two groups – a phenomenon that corresponds with trends seen in Table 1, Figure 

4 and in Figure 6 of our farm cluster analysis (discussed later). 

 

 

 

 

Table 3. Sample means and coefficients of variation percentages across all 100,000 rice pixels for 

each year.  

 

Year Mean CV (%) 
2019 0.569 16.5% 
2020 0.581 16.0% 
2021 0.587 19.6% 
2022 0.485 18.0% 
2023 0.496 20.5% 
2024 0.572 14.4% 
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Cluster analysis 

 While our remote sensing analyses explored post-ban yield resiliency at the landscape 

level, our semi-structured interview cluster analysis allowed us to test whether similar patterns 

between productivity levels and ban impacts hold at the farm-level, and identify any characteristics 

that distinguish more resilient farms. 

Semi-structured interview participants tended to be male (frequency 80%) and highly 

experienced (mean age of 50 years with 22 years rice farming). Participants reported 14% lower 

average 2025 yield than the Anuradhapura District average reported by the Government of Sri 

Lanka (3,662 compared to 4,263 kg ha⁻¹), and were slightly more likely to be connected to minor 

irrigation schemes than major schemes (53% versus 47%) (Department of Census and Statistics, 

2025). Interviewed farmers tended to rely on local and market systems over government services 

for resources, favoring fellow farmers over government extension when seeking farming 

information (73% versus 66%), selling produce to local middlemen over government buyers (97% 

versus 10%), and buying inputs from small agribusinesses over government stations (90% versus 

53%). Though 57% of farmers reported the inclusion of organic inputs/methods immediately after 

the ban, there was no fundamental shift towards organic agriculture as a result of the ban – the 

frequency of participants utilizing organic inputs/methods in Maha 2024 or 2025 was equal to the 

pre-ban frequency (20%), though 27% of participants reported rotating different crops into their 

rice paddy during the off season. Potentially one of the most impactful farmer practices, the 

inclusion of black-market urea (76%), was identified later in our interview process. Since only 17 

farmers had an opportunity to discuss their black-market urea usage, this variable was not included 

in the farmer cluster analysis. 



21 
 

Three distinct clusters of farm typologies were identified based on relationships between 

ban impacts, farmer demographics, and farm characteristics categories (Figure 4). The most 

influential variables in determining clusters – which featured the strongest Spearman correlation 

between each variable and the two PCoA axes – included differences in irrigation tank scheme, 

crop rotation, yield shock, average yield, years to recovery, and distance to agricultural extension 

office.  

 

 

Figure 5. Annotated Principal Coordinates Analysis (PCoA) of the three-cluster PAM solution on 

our fully completed farmer interviews (n=24). Points represent individual farms colored by cluster 

membership; shaded ellipses indicate the approximate boundary of each cluster. Arrows indicate 
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the direction and relative strength of Spearman correlation between each variable and the two 

PCoA axes (only variables with p < 0.15 on at least one axis are shown; arrow length is 

proportional to correlation magnitude). 

 

 

Figure 6. Cluster profile heatmap showing the mean values for each variable by cluster. Cell 

shading indicates z-score relative to the cross-cluster mean (red = above average, blue = below 

average). 
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Of continuous variables, Cluster 1 exhibited the lowest yield shock (-28%) and fastest 

recovery (1.2 years) but also the lowest average yield (2,560 kg ha-1), a similar trend observed in 

our remote sensing sample. This cluster had the smallest rice area (22% and 34% smaller than 

Clusters 2 and 3, respectively), the fewest number of years farming, and the shortest distance to 

the nearest extension office. Clusters 2 and 3 both experienced a larger yield shock and longer time 

to recovery than Cluster 1. While the yield shock for Clusters 2 and 3 was similar (-57% and -54%, 

respectively), the recovery time for Cluster 3 was 33% faster than Cluster 2 (1.8 versus 2.7 years, 

respectively). Cluster 3 had the highest average yield (4,712 kg ha-1) and largest farm area (2.6 

ha). Cluster 2 had intermediate yield and the greatest distance to extension, more than double that 

of Cluster 1.   

Further profiling of categorical variable frequencies across clusters revealed notable 

variation among farm typologies (Table 3). The largest practice-based divergence across clusters 

was observed in the variable measuring crop rotation (100% of Cluster 1 farmers, compared to 0% 

and 22% in Clusters 2 and 3), with 67% of crop-rotating farmers reporting growing mung bean – 

a nitrogen-fixing legume (Diatta et al., 2020) – in rice paddies during the offseason. Connections 

to minor irrigation scheme showed the second largest cross-cluster divergence (90% of Cluster 2 

farmers, compared to 60% and 11% in Clusters 1 and 3). Cluster 1 farmers were much more likely 

to utilize government resources for buying seeds (80% versus 40% and 67% in Clusters 2 and 

Cluster 3) and seeking farming information (100% versus 50% and 67%), and had the highest 

frequency of consistent organic input/practice usage (40% versus 10% and 11%). Farmers in 

Cluster 3 were the most likely to report steps for post-ban adaptation, with 89% incorporating 

organic inputs/methods immediately post-ban (compared to 40% and 30% in Clusters 1 and 2) and 
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56% receiving beneficial training on organic practices immediately post-ban (compared to 40% 

and 20% in Clusters 1 and 2). 

Variable  Cluster 1  

(n=5) 

Cluster 2 

(n=10) 

Cluster 3 

(n=9) 

Minor irrigation scheme 60% 90% 11% 

Multicrops in paddy 100% 0% 22% 

Higher post-ban labor Requirements 60% 70% 56% 

Higher post-ban cost of management 40% 70% 11% 

Pre- ban organic inputs/methods use 40% 10% 11% 

Immediate post-ban organic inputs/methods 

use  

40% 30% 89% 

2024 or 2025 maha organic inputs/methods 

use 

40% 10% 11% 

Buys seed from government stations 80% 40% 67% 

Pesticide use 100%  60%  67%  

Herbicide use  80% 50% 67% 

Seeks out farming information from 

government extension 

100% 50% 67% 

Seeks out farming information from fellow 

farmers 

80% 90% 67% 

Received beneficial training on organic 

practices post-ban 

40% 20% 56% 

Sentiment toward organic farming 1-5 2.4 3.6 2.9 

 

Table 3. Variables that show meaningful variation across clusters. Only variables that had data for 

all 24 farmers included.  

 

Discussion 

In this paper, we combined a landscape-level satellite remote sensing survey and a cluster 

analysis of semi-structured farmer interview responses to analyze how different types of farmers 

were associated with diverse post agrochemical ban outcomes in Sri Lanka’s Anuradhapura 
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District. At both scales, our analysis found indicators of variation in post-ban yield preservation 

and recovery outcomes across farmer categories. Both of our methods found evidence that farmers 

with the lowest levels of yield were more likely to experience lower ratios of immediate yield loss 

and quicker paths to yield recovery as compared to farmers with more productive operations. 

Additional exploration of attributes at the farmer level found that resource access and diversified 

farm management strategies were also associated with post-ban yield resiliency.  

Mapping Changes in Rice Productivity  

The geospatial clustering of indicator classes in our remote sensing analysis highlights the 

power of passive satellite tools for helping support farmers through transitions away from 

agrochemicals. The ability to identify landscape-scale patterns associated with pre-transition farm 

yield resiliency can help governments better tailor supportive programming and resources to target 

farmer needs throughout transitions – identifying farms in predicted high yield resiliency areas to 

serve as potential early organic adopters while developing more targeted support programs for 

farms in predicted low yield resiliency areas. 

At the landscape level, our remote sensing analysis found significant variability in a pixel’s 

Shock Ratio and Recovery Ratio outcome based on its original Baseline class, with Low and High 

Baseline pixels diverging in opposite directions and Medium Baseline pixels falling consistently 

between them. This finding is in line with Ahvo et al.’s (2023) remote sensing model’s prediction 

that higher-productivity agricultural regions are more susceptible to input-related yield shocks than 

lower-yielding regions. This finding is expected given the well-documented link between rice 

yields and fertilizer usage (Linquist et al., 2013). Rice fields with Low Baseline pixels are more 

likely to be from fields with lower relative rates of agrochemical usage compared to more 

productive counterparts and thus have less harvest to lose when agrochemicals become suddenly 
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less available. This category of rice farmers represents an important target for any future transition 

away from agrochemicals, as their yields – while low – are the least dependent on cheap, accessible 

chemical inputs, and may have the lowest opportunity cost for phasing them out.    

Factors Influencing Yield Loss and Time to Recovery  

Our cluster analysis found a similar trend between low farm productivity and low post-ban 

yield impact, with farmers in Cluster 1 reporting a mean yield rate 29% and 46% lower than those 

in Clusters 2 and 3 but experiencing a mean immediate post-ban yield loss 51% and 48% smaller 

and a mean recovery time 1.5 years and 0.6 years faster than the other two Clusters, respectively. 

Cluster 1 farmers reported the highest likelihood of engaging with organic-adjacent practices, with 

every farmer in Cluster 1 reporting multicropping in their fields outside of the main growing season 

(as opposed to 0% and 22% in Clusters 2 and 3), and 40% utilizing organic inputs/methods pre-

ban (10% and 11%, respectively). Mung bean – a leguminous, nitrogen-fixer – was the most 

commonly rotated crop amongst all multicropping farmers (67%), aligning with established 

associations between rice-legume crop rotations and increased rice yield stability (He et al., 2021; 

R. Yang et al., 2024; Zhao et al., 2022). A familiarization with organic practices pre-ban and the 

inclusion of legume-based nitrogen sources likely decreased Cluster 1 farmers’ dependency on 

agrochemicals, insulating them from large and sustained yield shocks. 

Additionally, farmers in Cluster 1 also reported a relatively stronger connection to 

Government of Sri Lanka agricultural resources than those in Clusters 2 and 3, with a shorter mean 

distance to government extension (3.6 km compared with 8.15 km and 7.17 km, respectively), 

100% seeking government extension for farming information (50% and 67%, respectively), 80% 

buying seeds from government stations (40% and 67%, respectively), and 40% receiving 

beneficial training on organic practices post-ban (20% and 56%, respectively). Our finding that 
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access to governmental extension services is correlated with greater post-ban yield resiliency is in 

line with research conducted by Cole et al. (2025), which identified that increasing access to 

government extension information – specifically through digital extension – can help farmers 

mitigate shock-related yield losses. As not all farmers can benefit from proximity to government 

resources, improving digital capacities to provide farmers with clear, easily accessible extension 

information and guidance is an important step in any transition away from agrochemicals. 

High farm productivity was less associated with high and sustained yield loss in our cluster 

analysis than in our remote sensing survey. Cluster 3 had the highest mean yield rate in our analysis 

(4,712.32 kg ha-1), but featured a lower mean reported shock percentage (-54% versus -57%) and 

shorter recovery time (1.8 years versus 2.7 years) than Cluster 2 (mean yield rate 3,623.83 kg ha-

1). The similar shock percentage but divergent recovery times between Clusters 2 and 3 are notable, 

as they indicate that greater access to resources may have helped Cluster 3 farmers recover faster 

than their similarly shocked counterparts.. Cluster 3 diverged from Cluster 2 in frequency of major 

irrigation schemes (89% versus 10%). Because major irrigation schemes tend to lie closer to towns 

and are supported by more advanced infrastructure (Ginigaddara & Kodithuwakku, 2024) they 

likely to have better access to resources. Additionally, Cluster 3 farmers had the highest acreages 

(2.62 ha versus 1.73 ha and 2.22 ha for Clusters 1 and 2), were the most likely to immediately use 

organic inputs/methods post-ban (89% versus 40% and 30%, respectively), and most likely to 

receive beneficial training on organic practices (56% versus 40% and 20%, respectively), 

suggesting that greater resource access may have assisted Cluster 3 farmers in adapting post-ban, 

shortening their yield recovery period. 

We found that Cluster 2 – which best represents middle-resource-endowed farmers in terms 

of yield rates (3,624 kg ha-1 versus 2,560 and 4,712 for Clusters 1 and 3), being primarily 
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associated with minor irrigation schemes (90%, versus 60% and 11%), and acreage (2.22 ha versus 

1.73 and 2.62) – was the most susceptible to a sharp and prolonged yield shock. This finding is in 

line with Michalscheck et al.’s (2023) model exploring connections between smallholder farmer 

resource access and shock vulnerability. Cluster 2 farmers are moderately producing, but faced 

significant resource constraints, relying almost entirely on minor irrigation schemes, were the 

furthest away from government resources (8.15 km versus 3.6 and 7.17), and were the least likely 

to receive post-ban organic training (20% versus 40% and 56%) – likely decreasing flexibility for 

adaptation. Any successful organic conversion program must work to promote yield-supporting 

mechanisms in this population of farmers, through either targeted programming or the reduction 

of information-access barriers. 

Overall, interviewed rice farmers reported no long-term shift towards organic farming. 

Indeed, after a brief uptake of organic inputs and practices in the season following the ban in 

Clusters 2 and 3, farmers across all clusters reverted to pre-ban frequencies of organic 

input/practice usage by harvest season 2025. It is well established that organic agricultural 

practices often feature higher labor demands and decreased yields, and thus require a price 

premium to be economically competitive (Crowder & Reganold, 2015). Interviewed farmers 

reported very little market incentive to transition to organic agriculture, with only one out of the 

original 30 interviewees reporting access to subsidized organic inputs and only one reporting 

potential access to a premium price for their organic produce. Additional market-based supports, 

either subsidizing inputs/labor or offering a premium for organic produce, are essential for 

encouraging the transition to organic practices. 

Despite the lack of adoption of organic practice, sentiment towards organic agriculture was 

close to neutral (2.93 on a 5-point Likert scale) across all interviewed farmers with 93%  reporting 
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an interest in additional training on organic agriculture. Interestingly, farmers from Cluster 2 – 

which experienced the largest yield shock and longest recovery – had the highest sentiment 

towards organic farming. With a mean Likert score of 3.6 (compared to 2.4 and 2.9 in Clusters 1 

and 3), Cluster 2 farmers may represent a key category of farmers to support in any future 

agrochemical reduction programs, as they have both the most to gain from increased support and 

express the most interest in adapting to organic practices.  

Divergences Between Remote Sensing Survey and Farmer Interviews 

 While both of our methods identified low-productivity farms as the least impacted by post-

ban yield losses (Low Baseline and Cluster 1) they diverged in their assessment of the most 

impacted classes – with the remote sensing survey identifying High Baseline farmers and interview 

cluster analysis identifying middle-yielding Cluster 2. This disagreement may arise from key 

differences between NDRE-based productivity estimates, which predicts crop health through 

spectral reflectance of plant chlorophyl (Al-Shammari et al., 2025), and in-field rice yields, which 

are influenced by a huge multitude of factors that may not necessarily be represented by chlorophyl 

content alone – such as cultivar yield potential, planting techniques and harvesting techniques. 

This may indicate that Cluster 2’s low yield resiliency may be related to factors other than crop 

health outcomes and perhaps be the product of a more foundational constraint like resource access 

or poor seed quality.  

Prospects and Limitations 

Our study shows the potential for blending remote sensing tools with in-person 

programming to support transitions away from agrochemicals, but further applied research is 

needed to build on our exploratory findings. Though similar trends of most impacted farms were 
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seen between our remote sensing and interview cluster analyses, challenges correcting regression 

to the mean effects in the remote sensing sample may add bias to our Baseline, Shock and Recovery 

indicators. Our interview methods were limited by field conditions, relying on low sample size, 

farmer recall, farm location accessibility, and translation services to explore ex post facto impacts 

of Sri Lanka’s agrochemical ban. Additionally, attempts to link interview participants with accurate 

GPS coordinates for their rice fields were unsuccessful as field research took place in August, 

outside of the rice growing seasons – most rice farmers were not actively farming at this time and 

interview participants were found almost exclusively at their residence. Further work pairing 

remote sensing data with farmer reporting and accurate rice farm GPS coordinates is a crucial next 

step for ground truthing the effectiveness of remote sensing yield resiliency indicators.  While we 

have highlighted some potential avenues for increasing farm yield resiliency during agrochemical 

transitions, these insights need to be tested through applied field experimentation, advanced remote 

sensing modeling, and randomized control trials with larger sample populations.  

Conclusion 

Though Sri Lanka’s 2021 agrochemical ban proved disastrous for short-term agricultural 

stability and unsuccessful at ushering in a large-scale organic farming adoption, this outcome was 

perhaps not inevitable. Important lessons from Sri Lanka’s short-lived organic experiment can help 

other countries interested in decreasing their dependence on synthetic inputs. While some lessons 

seem obvious – a phased, long-term approach to any large-scale agricultural transition and the 

need for easily accessible resources to help support systemic transformations. Others highlight the 

need for nuanced policy and programming: transitioning low-productivity farms first, an emphasis 

on supporting middle-resource farmers, and the integration of diversified farming practices such 

as multicropping. The consistently increasing resolution and temporal coverage of satellite remote 
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sensing data continues to create new tools for assessing crop health and yield resiliency, allowing 

governments to find new ways to direct farmer-supporting policies. Further research should work 

collaboratively with farmers and governments to empirically test this study’s exploratory findings, 

helping generate an iterative process for increasing international agricultural sustainability and 

domestic food sovereignty at a systemic level. 
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