
Nudging Farmers Toward Disease-Free 
Shrimp Technology with Financial 
Incentives 

Experimental Evidence from Bangladesh1 

Muhammad Nahian Bin Khaled2, Mywish K. Maredia3, Sudha Narayanan4, Ben Belton5, 

and Razin Iqbal Kabir6  

 
1 The trial is registered with the AEA RCT Registry under RCT ID: AEARCTR-0013688. IRB approval was obtained from the International 
Food Policy Research Institute (IFPRI) Institutional Review Board (IRB) under IRB no. 00007490 and Michigan State University 
(STUDY00010661). Local IRB approval was obtained from the Institutional Review Board of the Institute of Health Economics (IHEIRB), Uni-
versity of Dhaka, Bangladesh. This research was supported by the CGIAR Science Program on Policy Innovations. The views expressed in 
this paper are those of the authors and do not necessarily reflect the views or official positions of IFPRI or CGIAR. 

2 Corresponding author. Department of Agricultural, Food and Resource Economics, Michigan State University. Email: nahian@msu.edu.   

3 Department of Agricultural, Food and Resource Economics, Michigan State University. Email: maredia@msu.edu.  

4 International Food Policy Research Institute. Email: s.narayanan@cgiar.org.   

5 Department of Agricultural, Food and Resource Economics, Michigan State University and International Food Policy Research Institute. 
Email: ben.belton@cgiar.org.  

6 International Food Policy Research Institute. Email: r.kabir@cgiar.org.  

WORKING PAPER DECEMBER 2025 

mailto:nahian@msu.edu
mailto:maredia@msu.edu
mailto:s.narayanan@cgiar.org
mailto:ben.belton@cgiar.org
mailto:r.kabir@cgiar.org


CONTENTS 

Abstract ................................................................................................................................................ 1 

1 Introduction .................................................................................................................................... 2 

2 Context ........................................................................................................................................... 5 

2.1 Study area ............................................................................................................................ 5 

2.2 Shrimp farming system ......................................................................................................... 7 

2.2.1 Pond preparation, stocking and harvesting ..................................................................... 7 

2.2.2 Type of the PLs .............................................................................................................. 7 

2.3 Multi-actor intervention programs in 2023 ............................................................................. 9 

2.4 SPF-PL supply chain and hatchery partnership for randomized intervention ...................... 10 

3 Study sample and experimental design ..................................................................................... 10 

4 Data and descriptive statistics .................................................................................................... 13 

4.1 Data sources and collection ................................................................................................ 13 

4.2 Descriptive statistics ........................................................................................................... 14 

5 Conceptual framework ................................................................................................................ 21 

6 Empirical strategy ........................................................................................................................ 23 

6.1 Main specification ............................................................................................................... 23 

6.2 Understanding the mechanism behind adoption: Heterogeneity analysis ........................... 26 

7 Results .......................................................................................................................................... 27 

7.1 Effects of the discount vouchers on adoption behavior ....................................................... 27 

7.1.1 Mechanism behind adoption behavior: Heterogeneous treatment effects ..................... 31 

8 Limitations .................................................................................................................................... 45 

9 Discussions and conclusion ....................................................................................................... 46 

References ......................................................................................................................................... 48 

Appendix ............................................................................................................................................ 52 

A Sampling strategy for multi-actor intervention program evaluation in 2023 ......................... 52 

B Vouchers and logistics ........................................................................................................ 53 

C Power calculation ............................................................................................................... 55 

D Attrition and treatment assignment ..................................................................................... 57 



E Motivation behind the intervention ...................................................................................... 58 

F Black-tiger shrimp farming decision and treatment ............................................................. 58 

G Black-tiger shrimp farming decision and 2024 flood ............................................................ 59 

H Benjamini-Hochberg (BH) False Discovery Rate ................................................................ 59 

I Two-Way Fixed Effects Estimates for 2022-2023 ............................................................... 60 

About the authors .............................................................................................................................. 61 

Acknowledgments ............................................................................................................................. 61 

 

TABLES 

Table 1: Pre-intervention summary statistics by treatment groups and balance ......................... 15 

Table 2: Post-intervention summary statistics in 2024 ................................................................... 17 

Table 3: Impact of discount vouchers on Mid-grade SPF-PL adoption, expected yield, and 

expected mortality (full sample and Active farmers): Intention-to-treat (ITT) effects ................... 28 

Table 4: Impact of discount vouchers on Premium-grade SPF-PL adoption, expected yield, and 

mortality: Full sample and Active farmers ....................................................................................... 29 

Table 5: LATE Estimates of Premium-grade SPF-PL Adoption on Expected Yield and Mortality 

(Active Farmers Only) ........................................................................................................................ 30 

Table 6: Heterogeneous Impact of Discount Vouchers on Mid-grade SPF-PL Adoption by Prior 

Participation in the 2023 Multi-Actor Intervention ........................................................................... 32 

Table 7: Heterogeneous Impact of Discount Vouchers on Premium-grade SPF-PL Adoption by 

Prior Participation in the 2023 Multi-Actor Intervention .................................................................. 33 

Table 8: Heterogeneous Impact of Discount Vouchers on Mid-grade SPF-PL Adoption by Prior 

Free Receipt of Mid-grade SPF-PL ................................................................................................... 35 

Table 9: Heterogeneous Impact of Discount Vouchers on Premium-grade SPF-PL Adoption by 

Prior Free Receipt of Mid-grade SPF-PL .......................................................................................... 36 

Table 10: Heterogeneous impact of discount vouchers by cyclone exposure on the adoption of 

Mid-grade SPF-PL .............................................................................................................................. 38 

Table 11: Heterogeneous impact of discount vouchers by cyclone exposure on the adoption of 

Premium-grade SPF-PL ..................................................................................................................... 39 

Table 12: Heterogeneous impact of discount vouchers by prior shrimp mortality experience on 

Adoption of Mid-grade SPF-PL ......................................................................................................... 40 

Table 13: Heterogeneous impact of discount vouchers by prior shrimp mortality experience on 

Adoption of Premium-grade SPF-PL ................................................................................................ 41 



Table 14: Heterogeneous impact of discount vouchers by prior nursing facility use on Adoption 

of Mid-grade SPF-PL .......................................................................................................................... 43 

Table 15: Heterogeneous impact of discount vouchers by prior nursing facility use on Adoption 

of Premium-grade SPF-PL................................................................................................................. 44 

 

FIGURES 

Figure 1: Map of Bangladesh showing study districts (highlighted in orange) .............................. 6 

Figure 2: Shrimp PL alternatives available in the market ................................................................. 8 

Figure 3: Household locations by treatment assignment in the study districts............................ 12 

Figure 4: Study timeline .................................................................................................................... 12 

Figure 5: Adoption rates of Mid-grade and Premium-grade SPF-PL at different price points (full 

sample) ............................................................................................................................................... 19 

Figure 6: Adoption rates of Mid-grade and Premium-grade SPF-PL at different price points 

(conditional on active farming in 2024) ............................................................................................ 19 

Figure 7: CDF of Black-tiger shrimp first stocking date after voucher distribution: Normal PL, 

SPF-PL, or River-PL ........................................................................................................................... 20 

Figure 8: CDF of SPF-PL purchase date by treatment (conditional on purchasing) ..................... 20 

 

 



1 

ABSTRACT 

Price discounts are a common policy tool to promote agricultural technology adoption in low-income 

settings, yet their effectiveness may be limited when farmers face uncertainty or have access to familiar 

alternatives. We test this through a randomized controlled trial with shrimp farmers in southwestern 

coastal Bangladesh, a region highly exposed to climate shocks. The government promotes Specific 

Pathogen Free (SPF) post-larvae (PL)—certified as disease-free—to reduce high mortality in shrimp 

farming. Farmers were randomly offered varying discount levels for two SPF-PL types, differing in size 

uniformity and market price (proxies for quality), with the highest discount reducing their prices to parity 

with conventional non-SPF PL. We find no significant effect of discounts on adoption of the lower-priced 

Mid-grade SPF-PL, characterized by less size uniformity. In contrast, discounts significantly increased 

adoption of the higher-priced, more uniform Premium-grade SPF-PL, raising uptake by 10–19 percent-

age points among active shrimp farmers. Larger discounts did not yield higher adoption than smaller 

ones, indicating diminishing returns to discount generosity. Heterogeneity analyses reveal behavioral 

and contextual mechanisms: prior exposure to Mid-grade SPF-PL reduced its subsequent adoption but 

increased responsiveness to Premium-grade, consistent with experience effects and reference depend-

ence. Cyclone exposure dampened treatment responses, suggesting capital constraints, while infra-

structure preparedness (e.g., nursing facilities) enhanced uptake. These findings underscore that in 

high-risk agricultural systems, price incentives alone may not drive adoption unless the promoted input 

is perceived as effective. Successful promotion strategies must integrate quality assurance with atten-

tion to farmer experience, behavioral biases, and vulnerability to shocks.  

Keywords: Technology adoption, Aquaculture, Randomized controlled trial (RCT), Price Discounts 

JEL Codes: O13, Q16, C93, Q12, O33  
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1 INTRODUCTION 

Encouraging the adoption of improved agricultural technologies in low-income settings remains a per-

sistent challenge, despite their potential to boost productivity and mitigate risk (Mobarak et al., 2012; 

Gignoux et al., 2023; Ahmed et al., 2020). This puzzle has spurred a rich literature investigating why 

smallholder farmers often fail to take up seemingly beneficial innovations, particularly when market 

prices, subsidies, or extension programs seek to reduce adoption costs. A policy response has been to 

offer targeted discounts or input vouchers to stimulate demand. Well-designed, one-time subsidies can 

catalyze adoption by easing liquidity constraints, promoting learning, or overcoming coordination fail-

ures (Cai et al., 2020; Duflo et al., 2011; Jayne et al., 2018). Yet their effectiveness is highly context-

dependent: recent evidence shows that post-shock or high-risk environments may blunt their productiv-

ity effects (Gignoux et al., 2023). Ultimately, uptake depends not only on price incentives but also on 

farmers’ perceptions of quality, prior experience, and the availability of competing technologies (Cohen 

and Dupas, 2010; Fischer et al., 2019). 

We examine how price incentives and contextual risks shape technology adoption in the context of a 

high-stakes agricultural system vulnerable to output shocks: shrimp aquaculture in southwestern 

coastal Bangladesh. This region is highly exposed to climate risks such as sea-level rise, salinity intru-

sion, and cyclones, making it a critical setting for studying agricultural adaptation (Haque, 2025; World 

Bank, 2024; Dasgupta et al., 2008). The shift toward brackish-water shrimp aquaculture is widely rec-

ognized as an adaptive livelihood strategy in response to these environmental stressors (Ali et al., 

2025; Islam et al., 2014). 

Aquaculture has become the fastest-growing food production sector worldwide, now supplying over half 

of the fish consumed by humans (FAO, 2022; Subasinghe et al., 2009). Within this sector, shrimp ranks 

among the most valuable and widely traded commodities, generating billions in export earnings and 

supporting rural livelihoods across Asia and Latin America—regions that produced 3.5 of the 5.5 million 

tonnes of Vannamei and Black Tiger shrimp in 2022 (Aqua Culture Asia Pacific, 2024; Anderson et al., 

2017).  

Shrimp exports are an important source of foreign exchange for Bangladesh, earning about USD 300 

million in FY 2022–23 and ranking as the country’s third-largest export earner (The Business Standard, 

2023). Disease outbreaks and concerns about sustainability have repeatedly disrupted global supply 

chains, spurring greater emphasis on pathogen-free broodstock, bio-secure hatcheries, and internation-

ally recognized quality standards (Bush et al., 2013; Little et al., 2016). As the government works to di-

versify beyond ready-made garments industry, it aims to modernize the shrimp sector and promote the 

use of Specific Pathogen Free (SPF) post-larvae as a cornerstone of sustainable growth (Islam, 2008). 

Post-larvae serve as the primary biological input in shrimp farming, functionally analogous to seeds in 

crop cultivation. SPF-PL is a disease-free alternative to the commonly used hatchery-sourced PL.  

However, farmer resistance to adopting SPF-PL continues to undermine policy goals. With post-stock-

ing mortality rates of 45–50% in recent years, reliance on lower-quality PLs not only reduces farmer 

profits but also threatens the long-term credibility of the shrimp export industry. These losses far ex-

ceed those in staple crops, where pests and disease reduce yields by roughly 22 percent in wheat and 

30 percent in rice (Savary et al., 2019).  

Farmers in this setting face a choice among multiple PL types that vary in price, perceived quality, and 

disease risk. Two certified SPF-PL variants are currently available in the market: one with lower size 
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uniformity, often regarded as a mid-grade option (hereafter referred to as Mid-grade SPF-PL), and an-

other with greater size uniformity, marketed as a premium product because of perceived higher quality 

(Premium-grade SPF-PL).7 Hence, the latter is more expensive than the former. SPF-PL are derived 

from domesticated broodstock (reproductively mature adult shrimp) imported from Hawaii and raised in 

certified biosecure hatcheries, providing farmers with a pathogen-free start. On the other hand, hatcher-

ies producing non-SPF normal PL rely on wild-caught broodstock that often carry pathogens, increasing 

the likelihood of disease outbreaks on farms. Another option, river-sourced PL—harvested from the 

wild—is perceived by some farmers as more disease-resistant but is less available and typically more 

expensive. This complex input market landscape complicates the effectiveness of price-based interven-

tions. Although SPF-PL is promoted as a mortality-reducing innovation for Black Tiger Shrimp (Pe-

naeus monodon: locally known as Bagda), its higher price relative to familiar alternatives raises ques-

tions about whether discounts alone can shift farmer behavior.     

In the growing literature on agricultural technology adoption, little is known about how price incentives 

perform when improved but costlier technologies become price-competitive with familiar substitutes. 

This gap is particularly salient in aquaculture and crop farming, where inputs differ in price, availability, 

and perceived risk. We address this by evaluating a voucher program that equalizes the effective price 

of an improved input (SPF-PL) with its primary alternative (normal hatchery PL). Unlike prior studies 

that distributed inputs for free (Gignoux et al., 2023; Maredia et al., 2025), offered partial discounts (Liv-

erpool-Tasie et al., 2025; Carter et al., 2021), or promoted technologies lacking substitutes (Kremer and 

Miguel, 2007; Cohen and Dupas, 2010), our experiment directly tests whether price parity with the pre-

vailing alternative can shift farmer behavior in input markets.  

A second gap concerns how quality perceptions shape responses to price incentives. Farmers are of-

ten highly sensitive to both perceived and actual input quality (Cole and Fernando, 2020; Michelson et 

al., 2021). The two SPF-PL types in our experiment differ in size uniformity and price—attributes farm-

ers interpret as signals of quality—allowing us to test how adoption varies across quality tiers when 

prices are experimentally aligned.  

Finally, beyond the role of price, our study engages with behavioral and informational mechanisms that 

condition farmers’ responsiveness to new technologies (Mobarak et al., 2012; Beaman et al., 2013; Dar 

et al., 2024; Aggarwal et al., 2024). Prior experience with a technology can anchor beliefs and affect 

how new information is interpreted, consistent with models of experiential learning and belief updating 

(Conley and Udry, 2010; Foster and Rosenzweig, 1995). Reference-dependent utility models suggest 

that farmers who previously received a product for free may anchor their expectations to that baseline, 

diminishing the perceived value of discounted offers (Köszegi and Rabin, 2006), although such anchor-

ing may attenuate over time (Dupas, 2014). Furthermore, production shocks—such as natural disas-

ters, and disease-induced shrimp mortality—can make farmers capital constrained or heighten risk sali-

ence and shift preferences toward disease-free technologies (Kahneman and Tversky, 1979; Cole et 

al., 2013). Finally, farm’s infrastructure-preparedness may signal confidence in the new technology 

which can shape a farmer’s willingness or capacity to adopt new inputs (Dercon and Christiaensen, 

2011). By empirically testing these mechanisms, we aim to unpack how price incentives interact with 

farmer psychology, experience, and local production dynamics.  

 
7 In the market, the Mid-grade and Premium-grade SPF-PL is known as “Local” and “Project” SPF-PL, respectively. “Local” and “Project” are 
used as labels by the producer, but do not denote any formal or technical classification. Moreover, our references to “low” and “high” quality 
are not based on objective measurements of performance (i.e., yield or mortality rate) but reflect perceived differences between the two SPF-
PL types, primarily linked to their size and uniformity—traits commonly associated with quality. 
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To examine whether demand-side subsidies can shift adoption behavior in competitive input markets, 

we conducted a randomized controlled trial (RCT) with 1,169 shrimp farmers across Khulna, Bagerhat, 

and Satkhira in southwestern Bangladesh. The sample was drawn from a pre-existing panel of farmers 

who had participated in a 2023 multiactor intervention (combining public and private actors), as well as 

a comparison group of non-participants (Narayanan et al., 2025). That program bundled training, good 

aquaculture practices, and promoted the use of SPF-PL, enabling us to exploit variation in prior expo-

sure to SPF-PL. The 2023 intervention programs promoted mid-grade SPFPL among the farmers.  

In the July 2024 stocking season—absent ongoing program support—farmers were randomly assigned 

to one of five discount voucher arms (two for Mid-grade SPF-PL and three for Premium-grade SPF-PL) 

or a control group. Mid-grade SPF-PL retailed at BDT 800 per thousand PL, and Premium-grade at 

BDT 1,200. The highest voucher brought the effective price of SPF-PL to parity with normal hatchery 

PL. Vouchers were redeemable through Desh Bangla SPF Hatchery Limited, the only SPF supplier in 

the region. This evaluation was implemented in partnership with the Department of Fisheries (DoF) as 

an independently randomized follow-on to the broader aquaculture modernization initiative.  

This study aims to understand the effectiveness of price-based incentives and the behavioral mecha-

nisms behind technology adoption in aquaculture. Specifically, we address the following research ques-

tions:  

1. To what extent do discount vouchers of varying amounts influence the uptake of SPF-PL by type 

among shrimp farmers in a context where lower-cost but riskier alternatives are widely available, 

even in credit?  

2. Do the discount vouchers generate gains in shrimp yield and reduce shrimp mortality?  

3. What underlying mechanisms—such as prior experience, risk perception, or prior infrastructure—

shape farmers’ adoption decisions?  

Randomized voucher assignment allows us to estimate the causal impact of price reductions while ex-

amining heterogeneous treatment effects by baseline characteristics. The study also offers a unique 

setting to explore how prior exposure—via earlier training or product experience—interacts with price 

incentives. 

Using an intent-to-treat (ITT) analysis framework, we find no statistically significant average treatment 

effect of discount vouchers on the adoption of Mid-grade SPF-PL. This null result appears driven by 

negative or insignificant responses among farmers who had previously received information, training, or 

free samples of Mid-grade SPF-PL through the earlier multi-actor intervention—suggesting the pres-

ence of experience effects or reference dependence. Although we find little evidence of anchoring spe-

cifically to the zero price offered in the previous year, farmers receiving the lowest discount (BDT 50) 

for Mid-grade SPF-PL became 12.6 percentage point less likely to purchase that SPF-PL, compared to 

those who did not receive Mid-grade SPF-PL for free. This may underscore the importance of designing 

time-consistent subsidy programs that include a transition strategy away from full subsidies.  

In contrast, price discounts significantly increased adoption of the higher-quality Premium-grade SPF-

PL. Assignment to treatment groups for Premium-grade SPF-PL raised adoption by 6–10 percentage 

points overall, and by 10–19 percentage points among active Black Tiger Shrimp farmers. These re-

sults suggest that price incentives are more effective when applied to inputs perceived as higher qual-

ity, in contrast to the adoption inertia typically observed in low-income settings (Conley and Udry, 

2010).  
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This positive response enables us to explore downstream effects on yield expectations and mortality 

risk. However, due to the timing of our endline survey, actual harvest outcomes were not available for 

all farmers; we therefore rely on self-reported expectations. We do not detect statistically significant ef-

fects on expected yield or mortality. That said, Local Average Treatment Effect (LATE) estimates offer 

suggestive evidence that adoption of Premium-grade SPF-PL may improve expected yields. For Pre-

mium-grade SPF-PL, we observe more uptake among multi-actor intervention participants, compared 

to the nonparticipants. These patterns are consistent with experience-based anchoring, where prior ex-

posure may have shaped beliefs about the value of Mid-grade SPF-PL, diminishing the impact of later 

price incentives, and switching to better alternative in a discounted price scenario.  

Our study makes three key contributions. First, to the best of our knowledge, it provides one of the first 

experimental evaluations of discount vouchers for technology adoption in the aquaculture sector. This 

contribution is important given aquaculture’s growing role in rural economy, nutrition, and international 

trade, yet the near absence of causal evidence from this sector. By extending the literature on price in-

centives, input quality comparison, and farmer behavior into this under-researched domain, the study 

broadens the evidence base for technology adoption in aquatic food systems. Second, by experimen-

tally varying the magnitude of price discounts, we examine how price responsiveness interacts with ex-

posure to natural disasters. By combining variation in both discount levels and flood exposure, we iden-

tify how environmental shocks condition the effectiveness of financial incentives—a question with direct 

implications for both public subsidy design and private sector marketing strategies. Finally, we analyze 

how discounts interact with farmers’ prior exposure to a structured, multi-actor intervention program. 

This allows us to separate the effects of price incentives from those of experience and belief formation, 

offering practical lessons for programs that seek to combine subsidies with training or extension. Over-

all, our findings contribute to broader debates on technology adoption under risk and liquidity con-

straints, with implications beyond aquaculture for other input-intensive sectors such as hybrid seeds, 

livestock vaccines, and improved feed technologies.  

2 CONTEXT 

2.1 Study area 

Our study takes place in three districts of the Khulna division in southwestern Bangladesh.  

Khulna, Bagerhat, and Satkhira districts—located in the southwestern coastal belt of Bangladesh—offer 

ideal agro-ecological conditions for shrimp aquaculture, particularly for brackish water species like 

Black Tiger Shrimp, which is the species of focus of our study. In Figure 1, the three study districts in 

Bangladesh are highlighted in orange. To their south lies the Bay of Bengal, whose tidal flow supplies 

the saline water that makes this region uniquely suited for shrimp farming.  

These regions benefit from a unique estuarine ecosystem formed by the confluence of major rivers and 

tidal flows from the Bay of Bengal, which naturally provides saline and semi-saline water critical for 

shrimp farming. In addition, the flat low-lying terrain allows for easy pond construction and water man-

agement. While the freshwater prawn farming started here in 1970s, these districts have emerged as 

the country’s primary hub for shrimp production over the past three decades, supported by a dense net-

work of hatcheries, feed suppliers, and exporters (Belton et al., 2011). Collectively, they contribute a 

substantial share of Bangladesh’s shrimp exports, making them central to the national aquaculture 

economy. 
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This setting provides a highly relevant context for studying smallholder participation in modern aquacul-

ture practices, particularly in low-income countries. Shrimp farming in this region has faced longstand-

ing challenges—low productivity, disease outbreaks, and poor access to quality inputs—yet it holds sig-

nificant export potential and livelihood importance. Studying this context not only allows us to evaluate 

a policy-relevant intervention with potential scalability, but also contributes to broader debates in devel-

opment economics on agricultural technology adoption, public-private partnerships, and the role of col-

lective action in improving outcomes for small producers in global value chains.  

Figure 1: Map of Bangladesh showing study districts (highlighted in orange) 

 

Source: Authors.  
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2.2 Shrimp farming system 

2.2.1 Pond preparation, stocking and harvesting 

In shrimp aquaculture, farmers usually drain ponds and allow them to dry under the sun for about one 

to two weeks after each harvest. This process helps eliminate harmful pathogens, decompose organic 

matter, and improve soil oxidation. During pond preparation, farmers apply calcium carbonate to neu-

tralize soil pH, enhance bottom quality, and support beneficial bacteria. They also repair pond dikes 

and sluice gates, strengthen net fencing to prevent predator entry or shrimp escape, and, for those who 

practice prerelease nursing, restructure nursery areas. Maintaining a nursery section for post-larvae 

(PL) improves survival and growth by allowing gradual acclimatization and closer health monitoring be-

fore transfer to the grow-out pond. Some farmers use probiotics, potassium permanganate, or similar 

inputs to maintain water quality, promote beneficial bacteria and control pathogens (Washim et al., 

2016). The extent and quality of these practices vary widely across farmers, since effective pond prepa-

ration requires capital, technical know-how, and labor. Ponds are typically filled during high tide through 

shared canals, with mesh screens used to filter incoming water. 

Traditional extensive ponds in Bangladesh are shallow, about 2–2.5 feet deep, making them suscepti-

ble to temperature fluctuations and water loss that heighten disease risk.  

Best practices recommend deepening ponds to 3.5–5 feet to stabilize temperature, improve aeration, 

and allow higher stocking densities and yield potential (Karim et al., 2011; Belton et al., 2011). Farmers 

occasionally plant vegetables or fruits on pond embankments to use space efficiently.  

Farmers begin their production cycle by releasing post-larvae (PL) into ponds, a process known as 

stocking. In 2023, about 44.5 percent of farmers had stocked Black Tiger shrimp by February 1, and 97 

percent by May, while 88.5 percent reported a second stocking between July and October. These pat-

terns indicate that shrimp production in the region is not strictly seasonal but typically starts early in the 

year. The timing of stocking decisions depends on the availability of PL, working capital, and pond sa-

linity levels (Belton et al., 2011). Technical guidance is sometimes provided by Department of Fisheries 

(DoF) extension offices and large buyers. Healthy PL growth is supported through twice-daily feeding. It 

generally takes three to four months for PL to reach marketable size. Farmers harvest based on com-

mercial grades, which determine price: Super A/A+ (10–15 shrimp/kg), A (16–20), B (21–30), and C 

(31–40). Larger shrimp fetch higher prices, creating strong incentives to improve survival and growth. 

Yet production risks remain severe—68 percent of farmers reported shrimp mortality in 2023, with an 

average loss of nearly 50 percent—highlighting the need for technologies that reduce harvest losses.  

2.2.2 Type of the PLs 

In shrimp farming, post-larvae (PL) serve as the primary biological input, functionally analogous to 

seeds in crop production. Unlike seeds, PL are living aquatic organisms with limited mobility and height-

ened sensitivity to environmental conditions, making their handling and survival more delicate and man-

agement-intensive. Note that, unlike seeds in crop production, Black-tiger shrimp farmers cannot reuse 

biologically reproduced PLs from previous cycles, as they are not healthy enough for restocking. As a 

result, farmers must purchase Black-tiger shrimp PLs from hatcheries, leading to the emergence of a 

large and growing input market in the study region.  

Farmers source PL from three primary channels. The first is river-sourced PL, collected from brood-

stock in natural river systems and sold by informal traders (locally known as patil wala) in large earthen 
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pots. River-PLs are perceived as more resilient due to their natural origin, though the evidence support-

ing this belief is mixed (Ahmed and Troell, 2010). Despite these concerns, river-sourced PL are typi-

cally sold at the highest price in the market—around BDT 1300–1400 per thousand—likely due to their 

limited availability and persistent farmer perceptions. Farmers usually purchase river PL with cash, alt-

hough some traders offer the option to buy on credit. 35% farmers in our sample used river-PL in the 

baseline year of 2023.  

The second is normal hatchery PL, produced in local hatchery facilities without specific pathogen con-

trol. They are easily available in the local hatcheries located within the village, making it the most con-

venient option. Conventional hatcheries rely on wildcaught broodstock, which are often carriers of path-

ogens such as white spot syndrome virus (WSSV)—yielding PLs that carry infection risk into farms. As 

with river PL, farmers can often purchase this PL on credit and repay after harvest, making it wellsuited 

to addressing liquidity constraints. However, access to this credit option may vary across villages. 72% 

farmers in our sample reported using normal hatchery PL in 2023. 

The third is Specific Pathogen Free (SPF) PL, which is bred under biosecure conditions to eliminate 

common viral pathogens, particularly WSSV. This virus is highly contagious and can lead to serious 

production losses (Karim et al., 2011). It was first introduced in Bangladesh in 2014 (Washim et al., 

2016). However, SPF-PL cannot be produced in traditional hatcheries due to the substantial investment 

and specialized facilities required (see Section 2.4). They are derived from imported domesticated 

broodstock (e.g., from Hawaii) raised in biosecure, certified hatcheries that enforce quarantine 

measures and PCR testing. PLs are dispatched to farmers without known pathogens, providing them a 

health advantage compared to non-SPF PLs—despite eventual exposure in pond environments.  

Figure 2: Shrimp PL alternatives available in the market 

 

Source: Authors.  

 

Two variants of SPF-PL were available in the market during the study period, which we refer to as Mid-

grade and Premium-grade SPF-PL. Both were produced by the same hatchery using certified SPF 

broodstock, but differed in production methods, uniformity in size, and price. Mid-grade SPF-PL were 

generated by combining nauplii from multiple broodstock and rearing them in high-density tanks for 14–
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15 days. This method lowers production costs but results in less uniform size among the PL due to ge-

netic variation and food competition. These PL were sold at a price of BDT 800 per thousand. In con-

trast, Premium-grade SPF-PL were produced under more controlled conditions. The hatchery used 

nauplii from a single broodstock per tank and extended the rearing period to around 17 days, reducing 

within-batch size variation and improving overall quality. These were priced at BDT 1,200 per thousand. 

Although both variants originate from SPF-certified broodstock and are marketed as SPF-PL, they differ 

meaningfully in quality, production cost, and market price. In the local markets, they compete not only 

with each other but also with normal hatchery-produced PL (non-SPF). Farmers follow monoculture 

with one type of shrimp, or sometimes mix different types of PL. 

Based on the assumption that reducing the prevalence of the white spot disease in the pond would 

likely boost Black-tiger shrimp production, and in turn, the exports, the DoF promoted the use of SPF-

PL and encouraged good agricultural practices through the Sustainable Coastal and Marine Fisheries 

Project (SCMFP) by the DoF, and non-government initiatives. While SCMFP provided only Mid-grade 

SPF-PL, our field visits revealed the availability of a higher-quality option in the market —Premium-

grade—which we included in our study to reflect the broader range of choices available to farmers. Fig-

ure 2 summarizes the PL alternatives available in the market.  

2.3 Multi-actor intervention programs in 2023 

In 2023, three institutional actors in Bangladesh implemented cluster-based intervention programs tar-

geting shrimp farmers in the study region. Throughout this paper, we refer to these collectively as the 

“multi-actor intervention programs” due to their overlapping objectives and activities aimed at somewhat 

similar outcomes. These programs are important to contextualize our study, as they shaped farmers’ 

prior exposure to the promoted technology, strengthened the operational linkages between implement-

ing actors and the SPF-PL supply chain, and actively encouraged SPF-PL adoption in the year preced-

ing our randomized intervention. Notably, our study sample is drawn from a broader evaluation of these 

multi-actor intervention programs (see Section 3). Below, we summarize the key features of the three 

initiatives:  

 Intervention by the Department of Fisheries (DoF), Government of Bangladesh: Under the 

World Bank-funded Sustainable Coastal and Marine Fisheries Project (SCMFP), DoF organized 

clusters of 20–25 farmers with contiguous ponds and a shared water source. The program required 

pond deepening, and subsidized or provided free Mid-grade SPF-PL and feed for one year to a 

subset of farmers. All the farmers in the program received information and technical training on 

SPF-PL. The aim was to synchronize stocking and harvesting activities across farmers and to facili-

tate direct sales of harvested shrimp to processors. 

 Intervention by ACI Agrolink Ltd. (ACI): ACI, a private seafood processor and part of a major 

Bangladeshi conglomerate, formed similar clusters of 20–25 farmers with adjacent ponds. ACI di-

rectly procured shrimp from these farmers for processing. The company offered free SPF-PL (to a 

subset of farmers), input credit to those purchasing ACI Animal Health feed, bundled insurance 

packages, and attempted to formalize the arrangement through written buyback contracts.  

 Intervention by Bangladesh Shrimp and Fish Foundation (BSFF): In collaboration with World-

Fish, BSFF organized clusters under the same contiguous pond criterion. Participating farmers 

committed to shrimp monoculture, received credit through designated banks, and were supplied 

with free SPF-PL.  
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The multi-actor intervention programs implemented in the study area aimed to address coordination 

failures, promote input standardization, and improve market linkages. These programs concluded in 

2023. In 2024, with no continuation of these bundled support initiatives, we implemented a separate 

randomized voucher intervention described in Section 3.  

2.4 SPF-PL supply chain and hatchery partnership for randomized inter-
vention 

To implement our intervention, we partnered with Desh Bangla SPF Hatchery Limited—the only com-

mercial hatchery producing Specific Pathogen Free (SPF) post-larvae (PL) for Black-tiger shrimp in the 

study region during 2024. The hatchery is located in Batiaghata, a subdistrict approximately 18 kilome-

ters southwest of Khulna city, accessible via the Khulna–Batiaghata road and situated near the Rupsha 

River.  

As part of its operations, the hatchery sources seawater using a transport vessel, which is then sub-

jected to multi-step purification involving sedimentation, filtration, and disinfection. SPF broodstock, pri-

marily imported from Thailand or India, are maintained in biosecure conditions. These broodstock 

spawn larvae, which are reared through various developmental stages under stringent biosecurity pro-

tocols to ensure the final PLs are free from specific pathogens, thus maintaining their SPF status.  

Desh Bangla was an active collaborator in the government-led SCMFP, which promoted both cluster-

based farming and the adoption of SPF-PL. Through this initiative, Desh Bangla supplied Mid-grade 

SPF-PL directly to farmers enrolled in the program. However, Desh Bangla delivers SPF-PL exclusively 

by truck upon receiving confirmed orders from farmers, either on a cash-on-delivery or prepayment ba-

sis, and does not offer sales on credit due to the absence of local operations to manage repayment and 

follow-up. SPF-PL are delivered in water-filled poly-packs placed inside insulated foam containers, 

each capable of holding up to 4,000 PLs. Ice cubes are added to the container to prevent temperature 

rise during transit. Desh Bangla affixes usage instructions and their logo to the container.  

3 STUDY SAMPLE AND EXPERIMENTAL DESIGN 

Our study builds on a pre-existing sample of 1,222 shrimp farmers from Bagerhat, Khulna, and Satkhira 

districts in Bangladesh, originally constructed by IFPRI to evaluate the 2023 multi-actor intervention 

program (see Appendix A, and Narayanan et al. (2025) for details). The sample includes three groups: 

(i) program participants, (ii) non-participants from the same village, and (iii) non-participants from 

nearby villages. 

To assess how monetary incentives influence the adoption of SPF-PL, we implemented a randomized 

field experiment among shrimp farmers in our sample. Both types of SPFPL were included in the de-

sign: the mid-grade variety, which represented the prevailing market option for many farmers, and the 

premium-grade variety, which offered a higher quality alternative. Each farmer was randomly assigned 

to receive one of five discount vouchers or to a control group without a voucher. 

Trained field officers visited each household carrying five types of vouchers, a thank-you note, an infor-

mation card, and an opaque bag containing tokens numbered 1 to 6. After explaining the purpose of the 

visit, officers read aloud the information card and addressed any questions. The information card ex-

plained what SPF-PL is and how it helps reduce white spot disease in Black-tiger shrimp. It also out-

lined good practices for stocking and releasing SPF-PL, described the two available types (priced at 
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800 and 1200 taka), and provided details on where and how to purchase them. The field officers then 

explained the lottery: drawing token #1 corresponded to Voucher 1 (Treatment 1), token #2 to Voucher 

2 (Treatment 2), and so on, with token #6 assigning the farmer to the control group (thank-you note 

only). 

Farmers drew one token at random from the opaque bag. Based on the number drawn, they received 

the corresponding voucher or thank-you note. Vouchers had unique IDs recorded in SurveyCTO 

against each household ID. The process was simple and well understood. In total, 1,195 farmers were 

successfully reached and randomized. Appendix Figure B1, and B2 show the materials used in the lot-

tery.  

The treatment groups and corresponding voucher values were:  

 Mid-grade SPF-PL (Market price = BDT 800 per 1,000 PL): 

 Treatment 1 (n = 208): BDT 100 discount 

 Treatment 2 (n = 189): BDT 50 discount 

 Premium-grade SPF-PL (Market price = BDT 1,200 per 1,000 PL): 

 Treatment 3 (n = 218): BDT 500 discount 

 Treatment 4 (n = 199): BDT 400 discount 

 Treatment 5 (n = 191): BDT 200 discount 

 Control group (n = 164): No voucher; received a thank-you note stating they could purchase SPF-

PL from the same supplier at market price. 

Appendix C provides a detailed discussion of the power calculations. For Mid-grade SPF-PL, given a 

control mean of 6.5%, 80% power, and a 5% significance level (twosided test), the minimum detectable 

effect (MDE) under a conservative scenario is 10 percentage points. In contrast, for Premium-grade 

SPF-PL, assuming a control mean of 2%, the MDE is 7.2 percentage points, even under conservative 

assumptions. These calculations suggest that the study is adequately powered to detect policy-relevant 

increases in adoption. However, it may be underpowered to detect smaller effects, which limits our abil-

ity to draw conclusive inferences about more modest impacts. 

Figure 3 shows the spatial distribution of the sample farmers by their treatment groups across the three 

study districts. Because treatment was assigned at the individual level, farmers from different groups 

are often located near one another.  

The goal of the vouchers was to make Mid-grade and Premium-grade SPF-PL price-competitive with 

conventional hatchery PL, which sells for about BDT 700/1,000 PL– approximately BDT 100 less than 

the market price of Mid-grade and BDT 500 less than that of Premium-grade SPF-PL. The highest dis-

count for each type closed this price gap. The range of discounts enabled us to examine how adoption 

responds to varying levels of price incentives for two qualities of SPF-PL. To ensure all farmers had 

equal access to information, we left the information card with them. The card also included a simple 

form for farmers to record purchase details (price, quantity, and date), which they were asked to report 

during follow-up verification calls.  
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Figure 3: Household locations by treatment assignment in the study districts 

 

Source: Authors.  

 

Figure 4: Study timeline 

 

Source: Authors.  
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Figure 4 shows the study timeline. Between July 8 and July 14, 2024, vouchers offering varying dis-

count levels for two types of SPF-PL were distributed in person using an individual lottery conducted at 

each farmer’s household. Due to operational constraints, we were unable to begin the intervention ear-

lier in the season; as a result, the vouchers were primarily intended to support the second stocking cy-

cle for most farmers.  

The supply chain remained unchanged: both treatment and control farmers who wished to purchase 

SPF-PL were instructed to contact Desh Bangla Hatchery directly. The hatchery handled delivery logis-

tics and did not charge transport fees.  

Treatment farmers could redeem vouchers for up to 16,000 SPF-PL units—the recommended quantity 

for one acre—until September 30, 2024. To prevent misuse, delivery staff verified each farmer’s identity 

by matching voucher names with National ID (NID) cards. In cases where one farmer collected multiple 

orders for others, they were required to present the corresponding vouchers and NID cards. 

Redeemed vouchers were collected by delivery staff, submitted to Desh Bangla, and later shared with 

the research team for verification and reimbursement. Transactions were cross-checked during follow-

up phone surveys. The research team reimbursed Desh Bangla for the value of the discount. In late 

July, flooding affected parts of the study area. We control for flood exposure in the analysis and explore 

whether it influenced SPF-PL adoption.  

Despite procedures to reduce misreporting, we cannot rule out informal sharing of SPF-PL among 

farmers, which was beyond our monitoring capacity. However, all reported SPF-PL purchases by con-

trol group farmers were made without vouchers, and we found no evidence of treatment contamination. 

A major political upheaval from July 15 to August 5, 2024, led to regime change and administrative dis-

ruptions. While the study villages were unaffected, Desh Bangla’s deliveries—routed through Khulna 

city—were delayed. We control for proximity to Khulna in our models.  

Operations resumed in early August. Desh Bangla informed us that voucher redemptions must con-

clude by September 20, as they planned to suspend operations starting September 25 due to ongoing 

instability. This prevented some farmers from purchasing SPF-PL as planned. To mitigate this, we in-

formed all farmers on August 15–16 that SPF-PL was again available. If farmers could not purchase 

due to late stocking schedules, their stated intent to purchase was recorded during the endline survey.  

Overall, the supply shock affected all groups similarly and is unlikely to bias treatment effect estimates. 

Building on the prior multi-actor intervention and the diversity of farmer types in our sample, we now 

turn to examine how these groups responded differently to price incentives. Specifically, we investigate 

behavioral mechanisms—such as experience-based learning, informational salience, and reference-

dependent preferences from earlier free input provision—that may shape adoption decisions. These 

channels are described in the conceptual framework that follows. 

4 DATA AND DESCRIPTIVE STATISTICS 

4.1 Data sources and collection  

Our analysis draws on two sources of survey data:  

1. Pre-intervention surveys conducted by IFPRI: These include two rounds—one in November–

December 2023, which collected retrospective data on the 2022 farming season, and a second in 
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May 2024 (prior to our intervention), which captured information on the 2023 season. We use the 

May 2024 survey as our baseline. These surveys collected data on adherence to good shrimp farm-

ing practices promoted by the prior multi-actor intervention programs, input use and costs, pond 

characteristics, support received from implementing agencies (DoF, ACI, or BSFF), revenues, and 

poverty status. Although the earlier round (Nov–Dec 2023) is not central to our main analysis, it pro-

vides useful insights into behavioral mechanisms and historical context. 

2. Endline survey conducted for this study: Implemented between November 21 and December 2, 

2024, this phone survey reached 986 out of the 1,195 farmers who received vouchers. To minimize 

attrition, in-person follow-up surveys were conducted with approximately 19% of non-respondents 

between December 27, 2024, and January 30, 2025. This resulted in a final sample of 1,169 farm-

ers —an overall response rate of 97.83%. Budget constraints precluded conducting the entire end-

line survey in person. Appendix Table D1 shows that attrition was unrelated to treatment assign-

ment. 

The endline survey collected detailed information on the type of post-larvae (PL) stocked by pond, 

farmer perceptions of PL quality, disease incidence and mortality rates, and any shocks experi-

enced during the production cycle. 

4.2 Descriptive statistics 

Table 1 presents summary statistics for the baseline characteristics of shrimp farmers across treatment 

arms. The sample comprises 1,169 farmers, evenly distributed across six experimental groups and one 

control group. The F-test for joint orthogonality in the rightmost column shows whether the treatment 

assignment is orthogonal (uncorrelated) to baseline covariates. Balance across groups was generally 

achieved through randomization, as indicated by the high p-values of the F-tests (rightmost column) 

and the lack of systematic differences across most baseline variables. 

The average farmer is approximately 44 years old, with no meaningful differences across arms (p = 

0.119). Nearly all farmers are male, with only 0.5% of the sample identifying as female. The sample 

farmers have an average of 7.3 years of formal schooling. Average pond area is 252 decimals (roughly 

2.5 acres), though variation exists across groups, with the control group owning somewhat smaller 

ponds on average (p = 0.509). The average distance from Khulna city (GPS measured at the zero 

point: the center of the city) to the farm is about 39 kilometers, with no significant variation across arms. 

Baseline exposure to shrimp-related shocks, risk factors and farming practices shows relatively bal-

anced distributions. About 26% reported using Mid-grade SPF-PL in 2023, mainly through the multi-

actor intervention program. Less than 1% used Premium-grade SPF-PL. Shrimp mortality was wide-

spread, with 68% of farmers reporting mortality-related losses in 2023.  

Roughly half the sample participated in multi-actor intervention programs in 2023, where the interven-

tions aimed to promote better farming practices. In the rest of the sample, about 21% is from the same 

village where interventions by one of the actors had taken place, and 28.4% is from the neighboring vil-

lage, with no meaningful differences detected across the treatment groups. The multi-actor intervention 

programs in 2023 were implemented by three institutional partners: the Department of Fisheries, ACI 

Agrolink Ltd., and the Bangladesh Shrimp and Fish Foundation. The distribution across intervention ac-

tor type appears statistically similar across groups (e.g., Department of Fisheries: 36% overall; p = 

0.440).  
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Table 1: Pre-intervention summary statistics by treatment groups and balance 

Variable 

Treatment Group  

Control 
(1) 

Treat 1 
(2) 

Treat 2 
(3) 

Treat 3 
(4) 

Treat 4 
(5) 

Treat 5 
(6) 

Total 
(7) 

F-test 
orthog. 

Age (years) 45.561 
(1.043) 

44.308 
(0.849) 

44.619 
(0.859) 

45.807 
(0.816) 

43.256 
(0.875) 

43.021 
(0.786) 

44.424 
(0.786) 

0.119 

1=Female farmer 0.000 
(0.000) 

0.010 
(0.007) 

0.000 
(0.000) 

0.009 
(0.006) 

0.010 
(0.007) 

0.000 
(0.000) 

0.005 
(0.002) 

0.385 

Years of schooling 7.433 
(0.324) 

7.135 
(0.288) 

7.376 
(0.324) 

7.124 
(0.317) 

7.427 
(0.307) 

7.518 
(0.314) 

7.326 
(0.127) 

0.917 

Pond area (decimals) 247.628 
(19.160) 

267.130 
(30.689) 

232.332 
(16.010) 

258.885 
(24.609) 

224.613 
(18.724) 

281.812 
(24.037) 

252.392 
(9.505) 

0.509 

Distance between Khulna 
city & the farm 

37.151 
(1.422) 

41.178 
(1.302) 

39.214 
(1.318) 

40.757 
(1.293) 

37.402 
(1.355) 

40.340 
(1.377) 

39.437 
(0.549) 

0.151 

1=Used Mid-grade SPF-
PL in 2023 

0.262 
(0.034) 

0.269 
(0.031) 

0.270 
(0.032) 

0.248 
(0.029) 

0.246 
(0.031) 

0.230 
(0.031) 

0.254 
(0.013) 

0.942 

1=Used Premium-grade 
SPF-PL in 2023 

0.012 
(0.009) 

0.005 
(0.005) 

0.005 
(0.005) 

0.005 
(0.005) 

0.010 
(0.007) 

0.010 
(0.007) 

0.008 
(0.003) 

0.923 

1=Received free Mid-
grade SPF-PL in 2023 

0.232 
(0.033) 

0.207 
(0.028) 

0.206 
(0.030) 

0.216 
(0.028) 

0.201 
(0.028) 

0.168 
(0.027) 

0.204 
(0.012) 

0.771 

1=Deepened the pond in 
2023 

0.189 
(0.031) 

0.240 
(0.030) 

0.206 
(0.030) 

0.193 
(0.027) 

0.181 
(0.027) 

0.236 
(0.031) 

0.208 
(0.012) 

0.584 

1=Had nursing facility in 
2023 

0.341 
(0.037) 

0.394 
(0.034) 

0.402 
(0.036) 

0.367 
(0.033) 

0.372 
(0.034) 

0.356 
(0.035) 

0.373 
(0.014) 

0.842 

1=Affected by the cy-
clone Remal in May 2024 

0.280 
(0.035) 

0.312 
(0.032) 

0.307 
(0.034) 

0.248 
(0.029) 

0.322 
(0.033) 

0.293 
(0.033) 

0.293 
(0.013) 

0.606 

1=Faced shrimp mortality 
in 2023 

0.652 
(0.037) 

0.702 
(0.032) 

0.683 
(0.034) 

0.679 
(0.032) 

0.653 
(0.034) 

0.717 
(0.033) 

0.682 
(0.014) 

0.716 

Sample type         

1=Multi-actor intervention 
participant in 2023 

0.500 
(0.039) 

0.500 
(0.035) 

0.545 
(0.036) 

0.482 
(0.034) 

0.503 
(0.036) 

0.524 
(0.036) 

0.508 
(0.015) 

0.858 

1=Non-participant (same 
village) 

0.165 
(0.029) 

0.212 
(0.028) 

0.233 
(0.031) 

0.216 
(0.028) 

0.211 
(0.029) 

0.204 
(0.029) 

0.208 
(0.012) 

0.747 

1=Non-participant (neigh-
boring village) 

0.335 
(0.037) 

0.288 
(0.031) 

0.222 
(0.030) 

0.303 
(0.030) 

0.286 
(0.032) 

0.272 
(0.032) 

0.284 
(0.013) 

0.287 

2023 intervention: by 
actor type 

        

1=Department of Fisher-
ies 

0.335 
(0.037) 

0.365 
(0.033) 

0.423 
(0.036) 

0.330 
(0.032) 

0.347 
(0.034) 

0.372 
(0.035) 

0.362 
(0.014) 

0.440 

1=ACI Agrolink 0.073 
(0.020) 

0.082 
(0.019) 

0.063 
(0.018) 

0.078 
(0.018) 

0.070 
(0.018) 

0.110 
(0.023) 

0.080 
(0.008) 

0.637 

1=Bangladesh Shrimp & 
Fish Foundation 

0.091 
(0.023) 

0.053 
(0.016) 

0.058 
(0.017) 

0.073 
(0.018) 

0.085 
(0.020) 

0.042 
(0.015) 

0.067 
(0.007) 

0.344 

1=Does not belong to a 
cluster 

0.500 
(0.039) 

0.500 
(0.035) 

0.455 
(0.036) 

0.518 
(0.034) 

0.497 
(0.036) 

0.476 
(0.036) 

0.492 
(0.015) 

0.858 



16 

Source: Authors’ calculations.  

Note: The values for F-tests are p-values. ***, **, and * indicate significance at the 1, 5, and 10 percent levels. Treat 1 and 2 received 100 and 
50 BDT off on the 800 BDT type, respectively; Treat 3 to 5 received 500, 400, 200 BDT off on the 1200 BDT type, respectively. The control 
group only received an information card.  

 

The main reasons cited for not adopting SPF-PL were limited availability (45%), lack of awareness 

(15% of farmers had never heard of it), and high cost (reported by 21% of farmers). A simple regression 

of 2023 SPF-PL use on a binary indicator for perceiving the technology as “too expensive” in 2023 

shows that such perception is associated with a 30 percentage point lower likelihood of adoption, hold-

ing other factors constant (see Appendix Table E1). These beliefs are fairly balanced across groups, 

with the exception of perceived availability (p = 0.058), where some treatment groups report slightly 

higher concern. Through our experiment, we sought to address the availability and awareness barriers 

uniformly across all study participants, and varied the perceived cost barrier by randomly assigning dis-

count vouchers. Finally, roughly 88% of farmers reported intent to stock Black-tiger PL in the July–De-

cember 2024 cycle (after the intervention period), with no significant differences across arms.  

Conventional balance tests are often criticized for over-rejecting the null of random assignment, particu-

larly in finite samples because the tests rely on large-sample asymptotic approximations (Kerwin et al., 

2024). To address this concern, we also assess joint baseline balance across the six treatment arms 

using a randomization inference (RI) omnibus test that replicates the actual randomization procedure. 

The RI p-value is 0.27, indicating no evidence of systematic imbalance in baseline covariates across 

treatment groups.  

Table 2 presents summary statistics on post-intervention outcomes recorded for the intervention period 

(July 8 to September 20, 2024), including shrimp farming decisions, technology adoption, input use, 

Variable 

Treatment Group  

Control 
(1) 

Treat 1 
(2) 

Treat 2 
(3) 

Treat 3 
(4) 

Treat 4 
(5) 

Treat 5 
(6) 

Total 
(7) 

F-test 
orthog. 

Pre-intervention be-
liefs: 

        

1=“SPF-PL is not availa-
ble in the area” 

0.354 
(0.037) 

0.490 
(0.035) 

0.450 
(0.036) 

0.463 
(0.034) 

0.427 
(0.035) 

0.508 
(0.036) 

0.452 
(0.015) 

0.058* 

1=“SPF-PL is better than 
normal PL in production, 
growth and disease re-
sistance” 

0.585 
(0.039) 

0.630 
(0.034) 

0.661 
(0.035) 

0.619 
(0.033) 

0.643 
(0.034) 

0.696 
(0.033) 

0.640 
(0.014) 

0.344 

1=“Never heard of SPF-

PL” 

0.159 
(0.029) 

0.154 
(0.025) 

0.138 
(0.025) 

0.183 
(0.026) 

0.151 
(0.025) 

0.115 
(0.023) 

0.151 
(0.010) 

0.541 

1=“SPF-PL is too expen-
sive” 

0.207 
(0.032) 

0.231 
(0.029) 

0.217 
(0.030) 

0.170 
(0.025) 

0.191 
(0.028) 

0.241 
(0.031) 

0.209 
(0.012) 

0.512 

1=“SPF-PL not effective 
in disease prevention” 

0.024 
(0.012) 

0.010 
(0.007) 

0.016 
(0.009) 

0.023 
(0.010) 

0.020 
(0.010) 

0.016 
(0.009) 

0.018 
(0.004) 

0.894 

1=Would stock Bagda PL 
in Jul-Dec 2024 (after the 
intervention) 

0.835 
(0.029) 

0.870 
(0.023) 

0.873 
(0.024) 

0.908 
(0.020) 

0.889 
(0.022) 

0.916 
(0.020) 

0.884 
(0.009) 

0.179 

N 164 208 189 218 199 191 1,169  

% of sample 14.029 17.793 16.168 18.648 17.023 16.339 100.000  



17 

and output performance, disaggregated by treatment group. The first row shows that approximately 

55% of the full sample chose to farm Black-tiger shrimp during the July–September 2024 production 

period, with farming rates ranging from 51% to 59% across treatment arms. These differences are mod-

est, and a formal regression of the Black-tiger farming decision on treatment indicators confirms that 

treatment assignment did not significantly affect the decision to farm Black-tiger (see Appendix Table 

F1). This supports the interpretation that subsequent differences in SPF-PL adoption are not driven by 

differential selection into shrimp farming.  

Table 2: Post-intervention summary statistics in 2024 

Variable 

Treatment Group 

Control 
(1) 

Treat 1 
(2) 

Treat 2 
(3) 

Treat 3 
(4) 

Treat 4 
(5) 

Treat 5 
(6) 

Total 
(7) 

1=Farmed shrimp since Jul 
8, 2024 

0.530 
(0.501) 

0.514 
(0.501) 

0.556 
(0.498) 

0.592 
(0.493) 

0.548 
(0.499) 

0.571 
(0.496) 

0.553 
(0.497) 

1=Redeemed the discount 
voucher (uncond.) 

0.000 
(0.000) 

0.125 
(0.332) 

0.138 
(0.345) 

0.110 
(0.314) 

0.095 
(0.295) 

0.079 
(0.270) 

0.1104 
(0.312) 

1=Purchased Mid-grade 
SPF-PL (uncond.) 

0.091 
(0.28) 

0.106 
(0.308) 

0.106 
(0.308) 

0.000 
(0.000) 

0.000 
(0.000) 

0.000 
(0.000) 

0.049 
(0.006) 

1=Purchased Mid-grade 
SPF-PL (cond.)a 

0.172 
(0.380) 

0.206 
(0.406) 

0.190 
(0.395) 

0.000 
(0.000) 

0.000 
(0.000) 

0.000 
(0.000) 

0.088 
(0.284) 

1=Purchased Premium-
grade SPF-PL (uncond.) 

0.024 
(0.155) 

0.019 
(0.138) 

0.032 
(0.176) 

0.110 
(0.314) 

0.095 
(0.295) 

0.079 
(0.270) 

0.062 
(0.241) 

1=Purchased Premium-
grade SPF-PL (cond.) 

0.046 
(0.211) 

0.037 
(0.191) 

0.057 
(0.233) 

0.186 
(0.391) 

0.174 
(0.381) 

0.138 
(0.346) 

0.111 
(0.315) 

Purchased Mid-grade (num-
bers, uncond.) 

1,226 
(4,626) 

866 
(3,101) 

1,303 
(5,134) 

0.000 
(0.000) 

0.000 
(0.000) 

0.000 
(0.000) 

537 
(3,044) 

Purchased Mid-grade (num-
bers, cond.) 

13,400 
(8,626) 

8,191 
(5,652) 

12,315 
(10,867) 

0.000 
(0.000) 

0.000 
(0.000) 

0.000 
(0.000) 

11,009 
(8,712) 

Purchased Premium-grade 
(numbers, uncond.) 

244 
(2,013) 

147 
(1,177) 

576 
(3,709) 

956 
(3,355) 

1,115 
(4,712) 

979 
(4,591) 

682 
(3,528) 

Purchased Premium-grade 
(numbers, cond.) 

10,000 
(9,487) 

7,625 
(4,423) 

18,133 
(11,630) 

8,688 
(6,011) 

11,679 
(10,678) 

12,467 
(11,513) 

11,065 
(9,396) 

1=Purchased normal PL 0.396 
(0.491) 

0.370 
(0.484) 

0.392 
(0.489) 

0.431 
(0.496) 

0.432 
(0.497) 

0.455 
(0.499) 

0.413 
(0.493) 

1=Purchased normal PL on 
credit (cond.) 

0.171 
(0.382) 

0.271 
(0.449) 

0.433 
(0.504) 

0.321 
(0.471) 

0.362 
(0.486) 

0.267 
(0.447) 

0.303 
(0.460) 

1=Credit available: nor-
mal/river PL (cluster-level) 

0.817 
(0.388) 

0.875 
(0.332) 

0.799 
(0.402) 

0.858 
(0.350) 

0.804 
(0.398) 

0.880 
(0.326) 

0.840 
(0.367) 

Shrimp farming (Jul-Dec)        

Expected yield (kg) (un-
cond.) 

62.11 
(15.69) 

57.39 
(13.15) 

65.15 
(8.54) 

59.42 
(10.06) 

63.70 
(16.04) 

69.26 
(14.05) 

62.70 
(5.33) 

Expected yield (kg) (cond.) 117.1 
(264.6) 

111.6 
(253.3) 

117.3 
(136.9) 

100.4 
(182.3) 

116.3 
(296.1) 

121.4 
(244.9) 

113.5 
(233.0) 

1=Faced shrimp mortality 
(uncond.) 

0.128 
(0.026) 

0.125 
(0.023) 

0.148 
(0.026) 

0.128 
(0.023) 

0.136 
(0.024) 

0.152 
(0.026) 

0.136 
(0.010) 



18 

Source: Authors’ calculations.  

Note: Standard deviations in parentheses. Treat 1 and Treat 2 received 100 and 50 BDT off on the 800 BDT type SPF-PL, respectively; Treat 
3, Treat 4, and Treat 5 received 500, 400, and 200 BDT off on the 1200 BDT type SPF-PL, respectively. The control group only received an 
information card. Conditional means are conditional upon active farming shrimp during the intervention period. BDT = Bangladeshi Taka; USD 
1 = BDT 122. aConditional on stocking black tiger shrimp.  

 

The adoption of SPF-PL in 2024 varied notably across treatment groups. Farmers in Treatment 1 and 

Treatment 2—who received discounts on the lower-priced Mid-grade SPF-PL (800 BDT per 1,000 

PL)—exhibited higher adoption rates (both at 10.6%) relative to the control group (9.1%). No farmers in 

the remaining treatment groups opted to adopt Mid-grade SPF-PL. In contrast, among farmers as-

signed to Treatment 3 through Treatment 5—who were offered discounts on the higher-priced Pre-

mium-grade SPF-PL (1,200 BDT per 1,000 PL)—adoption rates exceeded that of the control group. 

While only 2.4% of farmers in the control group purchased Premium-grade SPF-PL, the corresponding 

rates in Treatment 3, Treatment 4, and Treatment 5 were 11.0%, 9.5%, and 7.9%, respectively. Condi-

tional on farming Black-tiger shrimp, 4.6% control group farmers adopted Premium-grade SPF-PL, 

whereas adoption rates by treatment 3, 4, 5 are 18.6%, 17.4%, and 13.8%. These patterns suggest 

considerable price sensitivity, particularly at higher price points, which may constrain adoption even in 

the presence of partial subsidies—a hypothesis we examine in greater detail in the empirical analysis. 

Figures 5 and 6 present the relationship between price and adoption for the full sample and for the sub-

sample of active Black-tiger shrimp farmers, respectively. In each figure, we plot the effective price of 

SPF-PL by type (Mid-grade in Panel A and Premium-grade in Panel B) on the x-axis, and the share of 

adopters on the y-axis. A negative relationship between price and adoption is evident, consistent with a 

downward-sloping inverse demand curve.  

Among adopters, the average quantity of Mid-grade SPF-PL purchased (conditional on adoption) 

ranges from approximately 8,000 to 13,400, with variation across treatment groups. In contrast, the av-

erage quantity of Premium-grade SPF-PL purchased ranges from about 8,600 to 12,400 among farm-

ers in Treatment Groups 3, 4, and 5. Notably, 2–3% of farmers in Treatment Groups 1 and 2 also pur-

chased Premium-grade SPFPL, with average purchase volumes ranging from 7,600 to 18,000. Normal 

hatchery PL continues to be widely used: 41% of farmers reported purchasing it in 2024, and nearly 

30% of these purchases were made on credit. Credit availability for either of the normal or river-PL was 

widespread: in 84% study clusters, farmers could avail these PLs on credit.  

In terms of production outcomes, we recorded farmers’ expected yield, gross value, mortality experi-

ence. Expected yield is derived from the question: ”How much shrimp have you harvested or anticipate 

harvesting in your ponds, starting from the second week of July until the harvest of the latest stock? (in 

kg), including the stock in the pond.” The average unconditional yield stands at 63 kg, while yield upon 

farming Black-tiger shrimp from July 2024 is around 113 kg. Notably, 25% of active Black-tiger shrimp 

farmers reported shrimp mortality between the intervention and the endline—a short observation win-

dow that may not capture full-season outcomes but still highlights ongoing production risks.  

Variable 

Treatment Group 

Control 
(1) 

Treat 1 
(2) 

Treat 2 
(3) 

Treat 3 
(4) 

Treat 4 
(5) 

Treat 5 
(6) 

Total 
(7) 

1=Faced shrimp mortality 
(cond.) 

0.241 
(0.430) 

0.243 
(0.431) 

0.267 
(0.444) 

0.217 
(0.414) 

0.248 
(0.434) 

0.266 
(0.444) 

0.246 
(0.431) 

N 164 208 189 218 199 191 1,169 

% of sample 14.029 17.793 16.168 18.648 17.023 16.339 100.000 
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Figure 5: Adoption rates of Mid-grade and Premium-grade SPF-PL at different price points 

(full sample) 

 Panel A Panel B 

 

Source: Authors’ calculations.  

 

Figure 6: Adoption rates of Mid-grade and Premium-grade SPF-PL at different price points 

(conditional on active farming in 2024) 

 Panel A Panel B 

 

Source: Authors’ calculations.  
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Figure 7: CDF of Black-tiger shrimp first stocking date after voucher distribution: Normal PL, 

SPF-PL, or River-PL 

 

Source: Authors’ calculations.  

 

Figure 8: CDF of SPF-PL purchase date by treatment (conditional on purchasing) 

 

Source: Authors’ calculations.  
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Figure 7 presents the cumulative distribution of Black-tiger shrimp stocking dates, regardless of PL 

type, starting from the beginning of the voucher redemption period. Farmers continued to stock Black-

tiger shrimp until around late September. Figure 8 shows the comparative timing of SPF-PL purchases 

between the control group and overall treatment status. While control group farmers stopped purchas-

ing SPF-PL by late August, treated farmers continued purchasing until the voucher expiration date. This 

pattern may reflect the influence of environmental constraints—such as declining salinity or flooding—

on control farmers’ stocking decisions. In contrast, treated farmers may have been more incentivized to 

stock despite natural limitations due to the presence of the voucher.  

5 CONCEPTUAL FRAMEWORK 

We assume a myopic reduced-form model where a farmer decides on adopting the SPF-PL technol-

ogy, or the normal hatchery PL for the immediate next stocking period, and the choice of the technology 

may not necessarily have a direct impact on future stocking periods through significant sunk invest-

ments. Farmer has the scope of switching back to one technology or the other if he wishes. 

We assume a shrimp farming ecosystem where a shrimp farmer has two competitive technologies as 

alternatives. In each stocking period t, farmer i chooses between two types of post-larvae (PL) for 

stocking: Specific Pathogen-Free PL (S) and traditionally available normal hatchery PL (N), or a mix of 

the two (M). For the sake of simplicity, we drop the distinction between Mid-grade and Premium-grade 

SPF-PL and group the two variants as one category. Also, river-sourced PL is excluded from the analy-

sis due to its relatively higher cost, limited market availability, and because the intervention is explicitly 

designed to promote SPF-PL as an alternative to the commonly used normal hatchery PL.  

Let the technology choice set be denoted by 𝑗 ∈ 𝑆, 𝑁, 𝑀. We denote farmer 𝑖’s technology choice in 

stocking period 𝑡 as 𝑦𝑖𝑡.  

Let the utility from choosing PL type and the mix in 𝑗 ∈ 𝑆, 𝑁, 𝑀 in period 𝑡 be:  

𝑈𝑖𝑗𝑡 = 𝔼𝑡[𝑅𝑖𝑗𝑡 − 𝑝𝑖𝑗𝑡 − 𝐶𝑗(𝒘𝑡, 𝑿𝑖𝑡) − 𝜏𝑖𝑗𝑡] + 𝜃𝑖𝑍𝑖𝑗𝑡 + 𝛾𝑞𝑗 + 𝜈𝑖𝑗𝑡 

Where: 

 𝔼𝑡[𝑅𝑖𝑗𝑡]: Expected revenue per thousand PL from using PL type 𝑗 in period 𝑡  

 𝑝𝑖𝑗𝑡: Price of per thousand PL type 𝑗 

 𝐶𝑗(𝒘𝑡, 𝑿𝑖𝑡) is a flexible cost function for other variable inputs, increasing in the vector of input prices 

𝒘𝑡 = (𝜔1𝑡, … , 𝜔𝐾𝑡) (feed, labor, lime, probiotics, etc.) and farmer/pond characteristics 𝑿𝑖𝑡. 

 𝜏𝑖𝑗𝑡: Non-price transaction costs (e.g., transport, credit, time, information search)  

 𝑍𝑖𝑗𝑡: A vector of behavioral and perceptual factors related to a specific technology, including per-

ceived quality, prior experience, learning from others, risk exposure, and curiosity.  

 𝜃𝑖: Weight farmer 𝑖 places on behavioral/perceptual factors 

 𝑞𝑗: Actual quality of the PL type 𝑗 as advertised by the producer 

 𝜈𝑖𝑗𝑡: Idiosyncratic preference shifter shock (captures unobserved idiosyncratic preferences for PL 

type 𝑗, assumed to be mean-zero and i.i.d. across individuals and options.) 
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The farmer’s decision is then given by:  

𝑦𝑖𝑡 = arg max
𝑗∈{𝑆,𝑁,𝑀}

𝑈𝑖𝑗𝑡 (1) 

 

We define the effective price for each choice 𝑗 ∈ 𝑆, 𝑁, 𝑀 as:  

𝑝𝑖𝑗𝑡
eff = 𝑝𝑖𝑗𝑡 − 𝑑𝑖𝑗𝑡 

where:  

𝑑𝑖𝑗𝑡  =  {

𝑑𝑖𝑡 , 𝑖𝑓 𝑗 = 𝑆
0, 𝑖𝑓 𝑗 = 𝑁

𝛼𝑖
𝑆 ∙ 𝑑𝑖𝑡 , 𝑖𝑓 𝑗 = 𝑀

 

 

and 𝛼𝑖
𝑆𝜖(0,1) denotes the share of SPF-PL used in the mix. That is, the mix option receives a partial 

discount proportional to the SPF-PL share.  

Our randomized assignments introduces a variation in 𝑑𝑖𝑗𝑡.The introduction of the discount voucher 𝑑𝑖𝑗𝑡 

for SPF-PL (i.e., for 𝑗 = 𝑆) directly lowers the effective price paid by the farmer, thus increasing the 

farmer’s net utility from choosing SPF-PL relative to the other available options. From the utility func-

tion: 

𝑈𝑖𝑗𝑡  = 𝔼𝑡[𝑅𝑖𝑗𝑡  −  (𝑝𝑖𝑗𝑡  −  𝑑𝑖𝑗𝑡) − 𝐶𝑗(𝒘𝑡, 𝑿𝑖𝑡)  − 𝜏𝑖𝑗𝑡]  + 𝜃𝑖𝑍𝑖𝑗𝑡  +  𝛾𝑞𝑗  +  𝜈𝑖𝑗𝑡 , 

We see that an increase in 𝑑𝑖𝑗𝑡 (i.e., a higher discount) increases 𝑈𝑖𝑗𝑡 for 𝑗 = 𝑆 by reducing the effective 

price. Holding expectations of returns 𝑅𝑖𝑗𝑡, transaction costs 𝜏𝑖𝑗𝑡, and observable and unobservable 

non-price factors constant, this price discount mechanically increases the attractiveness of SPF-PL.  

Therefore, the model predicts that, ceteris paribus, farmers should be more likely to adopt SPF-PL 

when offered a higher voucher amount. This theoretical prediction constitutes the core hypothesis of 

our study: if economic incentives matter, then lowering the relative cost of SPF-PL through randomized 

discounts should increase its adoption. The empirical strategy tests whether this predicted behavioral 

response—shifting demand toward a subsidized, higher-quality technology—is realized in practice un-

der real-world production and market constraints.  

Finally, the farmer solves the optimization problem shown in Equation (1) given the availability of the 

discounted SPF-PL.  

Our experimental design allows us to estimate the causal effect of price discounts on the adoption of 

Mid-grade and Premium-grade SPF-PL—two variants that differ in quality q —through a randomized 

intervention. The survey data further enable us to examine how variation in treatment groups interacts 

with behavioral and perceptual factors shaped by prior farming practices, and explains the mechanism 

behind adoption behavior. In this framework, we conceptualize the following variables as behavioral 

factors, denoted by 𝑍𝑖𝑗𝑡:  
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 Experience through prior exposure: Farmers previously exposed to the technology through first-

hand use, information acquisition, or training may have already formed beliefs or preferences, af-

fecting their responsiveness to new information or incentives. This behavior reflects experience-

based learning in technology adoption (Conley and Udry, 2010; Foster and Rosenzweig, 1995). In 

our model, previous SPF-PL usage through participation in multi-actor intervention program in 2023 

serves as the variable on prior exposure. 

 Reference dependence and anchoring effect: Farmers may form reference-dependent prefer-

ences by anchoring their current price expectations to previously experienced prices, particularly if 

those prior experiences involved receiving a product for free. In such cases, the perceived utility 

from purchasing the same product—even at a discounted price—can be diminished if the current 

price exceeds the reference point established during the free distribution. This behavioral response 

is consistent with models of reference-dependent utility, where past prices act as anchors shaping 

subsequent willingness to pay (Köszegi and Rabin, 2006), whereas the absence of it is also possi-

ble (Dupas, 2014).  

In the context of our study, the multi-actor intervention program involved the free—albeit nonran-

domized— distribution of Mid-grade SPF-PL to a subset of farmers during the baseline cycle. This 

setting provides a unique opportunity to test whether prior receipt of free Mid-grade SPF-PL is cor-

related with adoption behavior in the presence of a new price-based incentive (i.e., discount vouch-

ers). If reference dependence is operative, we would expect lower responsiveness to vouchers 

among farmers who previously received SPF-PL at no cost.  

 Risk experience and mitigation behavior: This behavioral factor captures response due to prior-

cycle shrimp mortality or adverse production shocks. This captures a potential risk-salience effect, 

where recent exposure to negative shocks increases the perceived value of risk-mitigating technol-

ogies (Kahneman and Tversky, 1979; Cole et al., 2013). In our model, farmer who experienced 

losses due to diseases may be more inclined to adopt technologies perceived to offer the disease-

free feature. Conversely, recent exposure to a natural disaster may impose capital constraints that 

deter farmers from adopting new technologies (Carter and Barrett, 2006). 

 Infrastructure preparedness: Forward-looking farmers may undertake productive investments that 

signal their confidence in aquaculture returns and their capacity to invest in new technology. Ob-

servable infrastructure such as the presence of a nursing facility can proxy for unmeasured traits 

such as optimism, liquidity, preparedness, all of which are theorized to influence technology adop-

tion decisions (Dercon and Christiaensen, 2011). In the context of shrimp farming, establishing a 

nursing area—typically a semi-secluded section of the pond or a separate nursery tank used to 

raise PLs during their early stages—is considered a good aquaculture practice aimed at improving 

survival rates and reducing early-stage mortality. If a farmer has a nursing facility, it may positively 

influence their willingness to adopt SPF-PL, as nursing is particularly a recommended practice for 

effectively cultivating SPF-PL. 

6 EMPIRICAL STRATEGY 

6.1 Main specification 

We varied both the price level (via discount size) and the type of PL offered through the discount (Mid-

grade SPF-PL: 800 BDT vs. Premium-grade SPF-PL: 1200 BDT). A core objective of our experimental 
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design is to assess how price incentives and product quality interact to influence adoption behavior. To 

estimate the causal impact of these vouchers on outcomes by type, we present two separate specifica-

tions aligned with the experimental design. Since the two PL types differ in both market price and ad-

vertised quality—and each set of vouchers were specific to PL type—our approach allows for a dis-

aggregated analysis of treatment effects.  

We first estimate the intention-to-treat (ITT) effects of the vouchers for Mid-grade SPF-PL (Treatment 

groups 1 and 2) using the following model:  

𝑌𝑖𝑀𝑖𝑑𝑔𝑟𝑎𝑑𝑒
= 𝛼 + ∑ 𝛽𝑘𝑀𝑖𝑑𝑔𝑟𝑎𝑑𝑒

 𝑇𝑘𝑖 + 𝜙1𝑌𝑖
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

2

𝑘=1

+ 𝜙2𝐹𝑙𝑜𝑜𝑑𝑖
2024 + 𝜙3𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑇𝑜𝐶𝑖𝑡𝑦𝑖 + 𝑋𝑖

′𝜃1

+𝜃2𝑆𝑎𝑚𝑝𝑙𝑒𝑇𝑦𝑝𝑒𝑖 + 𝜆𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 𝜀𝑖 (2)

 

 

Also, we estimate the effects of the vouchers for Premium-grade SPF-PL (Treatment groups 3 to 5) 

separately using:   

𝑌𝑖𝑃𝑟𝑒𝑚𝑖𝑢𝑚
= 𝛼 + ∑ 𝛽𝑘𝑃𝑟𝑒𝑚𝑖𝑢𝑚

 𝑇𝑘𝑖 + 𝜙1𝑌𝑖
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

5

𝑘=3

+ 𝜙2𝐹𝑙𝑜𝑜𝑑𝑖
2024 + 𝜙3𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑇𝑜𝐶𝑖𝑡𝑦𝑖 + 𝑋𝑖

′𝜃1

+𝜃2𝑆𝑎𝑚𝑝𝑙𝑒𝑇𝑦𝑝𝑒𝑖 + 𝜆𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 𝜀𝑖 (3)

 

 

These specifications allow us to estimate how adoption varies across combinations of price and quality, 

providing insight into farmers’ responsiveness to economically and qualitatively differentiated inputs.  

In both equations 2 and 3, 𝑌𝑖𝑀𝑖𝑑𝑔𝑟𝑎𝑑𝑒
 and 𝑌𝑖𝑃𝑟𝑒𝑚𝑖𝑢𝑚

 denote the outcome variable for farmer i by type of 

SPF-PL, and 𝑇𝑘𝑖 represents treatment group indicators for Treatment groups 1 and 2 for equation 2 and 

Treatment groups 3 to 5 for equation 3 (with the control group as the omitted reference category). The 

term 𝑌𝑖
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 controls for the baseline value of the outcome under an ANCOVA specification as failing 

to control for the baseline value of the outcome induces finite-sample bias (Kerwin, 2025). 

Although treatment assignment was randomized at the individual level, farmer sampling was first done 

at the cluster level. Clusters may differ in unobserved ways—such as local water salinity, historical dis-

ease prevalence, proximity to roads and markets, influence of local extension agents, or prevailing so-

cial norms—that could affect outcomes. To account for these time-invariant, cluster-specific factors, we 

include cluster fixed effects 𝜆𝑐𝑙𝑢𝑠𝑡𝑒𝑟, which also absorb all between-cluster variation. 

We additionally control for the type of sample—the second stage of the sampling procedure, repre-

sented by 𝑆𝑎𝑚𝑝𝑙𝑒𝑇𝑦𝑝𝑒𝑖, where values indicate (1) 2023 intervention-participant farmers, (2) non-partici-

pant farmers in the same village, and (3) non-participant farmers in adjacent villages. The variable 

𝐹𝑙𝑜𝑜𝑑𝑖
2024 captures self-reported exposure to the August 2024 flooding event, which coincided with the 

intervention. To address disruptions caused by political unrest in Khulna city, we include 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑇𝑜𝐶𝑖𝑡𝑦𝑖, the farm’s distance from Khulna city center.  

We use Least Absolute Shrinkage and Selection Operator (LASSO) that selects a subset of variables 

from a range of high-dimensional potential covariates by forcing some coefficients to zero. The vector 

Xi includes these additional covariates selected through LASSO to avoid overfitting (Belloni et al., 
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2014), and 𝜀𝑖 is the error term. Standard errors are clustered at the cluster level to account for intra-

cluster correlation (Abadie et al., 2022).  

In these specifications, we use Ordinary Least Squares (OLS) to estimate ITT effects for both the full 

sample and the subsample of farmers who chose to farm Black-tiger shrimp during the July–September 

study period, since SPF-PL adoption is only relevant for Black-tiger shrimp cultivation. Importantly, Ap-

pendix Table F1 shows no statistically significant association between treatment assignment and the 

decision to farm Black-tiger shrimp, suggesting that selection into farming was not systematically driven 

by the differential discount treatment and can be treated as exogenous.8 Given the limited sample size 

of 646 active shrimp farmers, statistical power may be constrained, and as such, the estimated effects 

for this subgroup should be interpreted with caution.  

As our primary outcome variable across all specifications, we focus on short-term adoption behavior, 

measured at the extensive margins. The extensive margin is captured by a binary indicator for whether 

the farmer stocked SPF-PL during the July–September 2024 production cycle. Understanding this 

adoption behavior is the central objective of the study. Note that not all farmers harvested when we 

completed our endline survey as it typically requires 3-4 months to harvest, but we were able to capture 

the expected yield and mortality experience through our survey. Therefore, for the active farmers, we 

also examine two additional outcome variables: (i) expected yield (in kilograms), based on realized or 

anticipated harvest from shrimp farming, and (ii) a binary indicator of shrimp mortality experience prior 

to the survey date in equations 2 and 3. For these two outcomes, we control for the date of the most 

recent stocking to account for variation in production timelines.  

The coefficients of interest in equations 2 and 3 are the 𝛽’s, which measure the effect of the voucher 

treatment relative to the control group. We hypothesize these to be positive for all these three out-

comes.  

For the two second- order outcomes –expected yield (in kilograms) and the binary indicator of shrimp 

mortality experience—we also estimate the Local Average Treatment Effects (LATE), conditional on 

adoption (i.e., satisfying the first stage):  

𝑆𝑒𝑐𝑜𝑛𝑑𝑆𝑡𝑎𝑔𝑒𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑖 = 𝛼 + 𝜌1𝑌̂𝑖
(1)

+ 𝜙1𝑌𝑖
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝜙2𝐹𝑙𝑜𝑜𝑑𝑖

2024 + 𝜙3𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑇𝑜𝐶𝑖𝑡𝑦𝑖𝑋𝑖
′𝜃1

+𝜃2𝑆𝑎𝑚𝑝𝑙𝑒𝑇𝑦𝑝𝑒𝑖 + 𝜆𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 𝜈𝑖 (4)
 

 

where 𝑌̂𝑖
(1)

 is the predicted value from the first stage equations such as 2 or 3. In equation 4, coefficient 

𝜌 is the LATE estimate, hypothesized to be positive for the two outcomes.  

 
8 We find that the August 2024 flood significantly influenced farmers’ decisions to cultivate Bagda shrimp. Appendix Table G1 reports the sim-
ple regression results. Among farmers who had not yet initiated farming by August 21, 2024—the day the flood occurred—those affected by 
the flood were 9 percentage points less likely (p < 0.01) to farm Bagda compared with unaffected farmers. Descriptively, among the 598 farm-
ers who had not begun farming by August 21, 58.7% chose not to farm Bagda for the remainder of the year.  
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6.2 Understanding the mechanism behind adoption: Heterogeneity analy-
sis 

To examine the mechanism behind the adoption behavior, we estimate heterogeneous treatment ef-

fects by interacting the treatment variable with relevant subgroup indicators to understand the mecha-

nism of adoption-behavior by the farmers. We use the following model in equation 5 and 6:  

𝑌𝑖𝑀𝑖𝑑𝑔𝑟𝑎𝑑𝑒
= 𝛽0 + ∑ 𝛽𝑘𝑀𝑖𝑑𝑔𝑟𝑎𝑑𝑒

2

𝑘=1

𝑇𝑘𝑖 + 𝛾𝑍𝑖 + ∑ 𝛿𝑗𝑀𝑖𝑑𝑔𝑟𝑎𝑑𝑒

2

𝑗=1

(𝑇𝑘,𝑖 ∙ 𝑍𝑖) + 𝜙1𝑌𝑖
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝜙2𝐹𝑙𝑜𝑜𝑑𝑖

2024

+𝜙3𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑇𝑜𝐶𝑖𝑡𝑦𝑖 + 𝑋𝑖
′𝜃1 + 𝜃2𝑆𝑎𝑚𝑝𝑙𝑒𝑇𝑦𝑝𝑒𝑖 + 𝜆𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 𝜀𝑖 (5)

 

 

and 

𝑌𝑖𝑃𝑟𝑒𝑚𝑖𝑢𝑚
= 𝛽0 + ∑ 𝛽𝑘𝑃𝑟𝑒𝑚𝑖𝑢𝑚

5

𝑘=3

𝑇𝑘𝑖 + 𝛾𝑍𝑖 + ∑ 𝛿𝑗𝑃𝑟𝑒𝑚𝑖𝑢𝑚

5

𝑗=3

(𝑇𝑘,𝑖 ∙ 𝑍𝑖) + 𝜙1𝑌𝑖
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝜃2𝐹𝑙𝑜𝑜𝑑𝑖

2024

+𝜃3𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑇𝑜𝐶𝑖𝑡𝑦𝑖 + 𝑋𝑖
′𝜃1 + 𝜃2𝑆𝑎𝑚𝑝𝑙𝑒𝑇𝑦𝑝𝑒𝑖 + 𝜆𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 𝜀𝑖 (6)

 

  

where 𝑍𝑖 is the variable interacted with the treatment variable for individual 𝑖. 𝑍𝑖 represents the behav-

ioral and perceptual factors that could affect farmers adoption behavior. Equations 5 and 6 allow us to 

test for heterogeneous treatment effects along five hypothesized dimensions of farmer behavior, con-

sistent with the pathways outlined in our conceptual framework:  

 Experience through prior exposure. In our sample, about 50% farmers participated in the multi-

actor intervention program. We hypothesize that farmers who previously participated in this inter-

vention in 2023 may have developed stronger beliefs—positive or negative—about the promoted 

technology based on prior exposure. We use a binary variable equal to 1 if the farmer participated 

in the multi-actor intervention program. The decision for a farmer to participate in the multi-actor in-

tervention program was primarily determined by the cluster organizers—namely, the DoF, ACI 

Agrolink, or BSFF. 

 Reference dependence and anchoring effects: Among farmers in who participated in the multi-

actor intervention program, 20.4% reported receiving free Mid-grade SPF-PL in the previous year. 

We hypothesize that these farmers may anchor their expectations to a zero-price benchmark and 

perceive the discounted (but nonzero) prices in our intervention as unfavorable. To test this, we de-

fine a binary indicator equal to 1 if the farmer received SPF-PL for free in 2023, regardless of quan-

tity. One might interpret the receipt of free SPF-PL as plausibly exogenous, given that its allocation 

was solely determined by cluster organizers and not part of our experimental intervention. However, 

the receipt of free SPF-PL might also be endogenous to unobservables (e.g., timing of the for-

mation of cluster, farmer ability, network access of the cluster etc.). Hence, we are not using it as a 

causal mediator, but rather as an interacting or moderating variable in heterogeneity analysis. 

 Risk-experience and mitigation behavior: We define a binary indicator for whether the farmer ex-

perienced shrimp mortality in 2023. Notably, 68% farmers reported experiencing mortality in the 

pond. We hypothesize that past mortality may trigger risk-mitigation behavior, increasing demand 

for SPF-PL given its purported ability to reduce disease risks. Further, 29.3% farmers reported to be 
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affected by cyclone in May 2024, two months prior to the experiment. By interacting the treatment 

variables with self-reported exposure to the cyclone that occurred two months prior to the interven-

tion, we test the hypothesis that such exposure reduces the capacity to invest in technologies such 

as SPF-PL. 

 Infrastructure preparedness: Finally, we test whether technology-supportive investment affects 

adoption by including a binary variable equal to 1 if the farmer had a nursing facility in 2023. About 

37% of the farmers reported undertaking this investment. Our hypothesis is that recent capital ex-

penditure may influence adoption behavior: it may signal higher expected returns and thus increase 

responsiveness to quality-enhancing inputs such as SPF-PL. 

7 RESULTS 

7.1 Effects of the discount vouchers on adoption behavior 

We begin by examining whether discount vouchers influenced the adoption of Specific Pathogen Free 

post-larvae (SPF-PL). Table 3 presents the intention-to-treat (ITT) estimates for Mid-grade SPF-PL 

adoption, covering both the full sample and the subsample of farmers who actively farmed shrimp be-

tween the intervention rollout (July 8, 2024) and the voucher expiration (September 20, 2024). 

Across both samples, we find no statistically significant effect of voucher assignment on adoption, ex-

pected yield or mortality experience. In the full sample, the estimated treatment effect on binary adop-

tion is 0.026 (s.e. = 0.033), while in the active farmer subsample it is 0.065 (s.e. = 0.062). Neither esti-

mate is statistically distinguishable from zero. We also find no significant effects on expected yield or 

expected mortality. 

Table 4 reports ITT estimates for Premium-grade SPF-PL adoption, which was targeted by treatment 

groups 3 through 5. Unlike the case of Mid-grade, all treatment effects for Premium-grade are statisti-

cally significant at the extensive margin. In the full sample, assignment to Treatment 3, 4, and 5 in-

creases the likelihood of adoption by 10.0 percentage points (p < 0.01), 7.9 percentage points (p < 

0.05), and 6.3 percentage points (p < 0.05), respectively, compared to the control group. Among active 

farmers, these effects are larger in magnitude: 18.8 (p < 0.01), 14.2 (p < 0.05), and 10.0 (p < 0.05) per-

centage points, respectively. Benjamini–Hochberg Adjusted P-values for Multiple Hypothesis Tests are 

reported in Appendix Table H1. 

Interestingly, although Treatment 3 offered the highest discount and yielded the largest effect, pairwise 

coefficient equality tests do not reject the null that these effects are statistically different from one an-

other. This suggests diminishing marginal returns to increasing discounts, implying that a lower dis-

count (e.g., BDT 200) may be sufficient to induce adoption and thus, more cost-effective. 

These contrasting results between Mid-grade and Premium-grade SPF-PL adoption impact are in-

formative. The lack of effect for Mid-grade may reflect diminishing returns to financial incentives in con-

texts where prior exposure is high. Notably, the 2023 multi-actor campaign led by the Department of 

Fisheries, ACI Agrolink, and the Bangladesh Shrimp and Fish Foundation had already promoted Mid-

grade SPF-PL extensively. Therefore, the absence of an effect even under large price discounts may 

point to other adoption barriers—such as risk perceptions, learning thresholds, or perceived quality dif-

ferences—that are not alleviated by subsidies alone. 
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By contrast, the consistently positive and significant ITT effects for Premium-grade SPFPL suggest that 

price remains a key barrier to adopting higher-quality inputs. These results underscore the potential 

complementarity between quality improvements and affordability. The finding that even modest dis-

counts lead to measurable adoption gains supports the hypothesis that perceived quality plays a pivotal 

role in technology take-up. 

Among active farmers, however, we find no conclusive short-term ITT effects on yield or mortality for 

either type (column (3) and (4)), additionally controlling for the date of last stocking. This could be due 

to the short follow-up period or the ex-ante uncertainty in actual biological outcomes. 

We complement the ITT analysis by estimating the local average treatment effect (LATE) of adopting 

Premium-grade SPF-PL, using randomized treatment assignment as an instrument. To estimate the 

LATE, we instrument actual adoption with randomized treatment assignment. This approach relies on 

standard instrumental variable assumptions: (i) the exclusion restriction—that the instrument affects 

outcomes only through adoption; (ii) monotonicity—that discount treatment assignment does not induce 

adoption defiers; and (iii) relevance—evidenced by strong first-stage estimates (see Table 5). While the 

first two assumptions are not directly testable, the experimental design and context lend credibility to 

the identification strategy. 

Among active farmers, we find no effect on yield and expected mortality. The absence of significant ef-

fects on expected yield or shrimp mortality may reflect the short duration between stocking and survey 

administration. Since harvesting was incomplete for many respondents at the time of data collection, 

farmers’ expectations may not yet align with realized outcomes. We interpret these results with caution. 

We now turn to the potential mechanisms behind observed adoption patterns. Specifically, we analyze 

heterogeneity by prior exposure, experience with SPF-PL, recent shrimp mortality, and investment be-

haviors such as having a nursing facility. These behavioral and contextual moderators may explain why 

treatment effects are stronger in some Premium-grade SPF-PL adoption behavior and muted in the 

Mid-grade SPF-PL.  

Table 3: Impact of discount vouchers on Mid-grade SPF-PL adoption, expected yield, and ex-

pected mortality (full sample and Active farmers): Intention-to-treat (ITT) effects 

Variable 

Adoption of Mid-grade SPF-PL (1/0) Expected yield (kg) 
Experienced  

mortality (1/0) 

(1) (2) (3) (4) 

Full Sample 
Active Shrimp 

Farmers 
Active Shrimp 

Farmers 
Active Shrimp 

Farmers 

Treatment 1: 100 taka off from BDT 800 type 0.026 
(0.033) 

0.065 
(0.062) 

33.123 
(29.594) 

0.042 
(0.069) 

Treatment 2: 50 taka off from BDT 800 type 0.028 
(0.045) 

0.039 
(0.089) 

32.256 
(27.083) 

0.023 
(0.079) 

Farm flooded in Aug 2024 (1/0) -0.056* 
(0.033) 

-0.074 
(0.066) 

-34.273 
(36.259) 

0.006 
(0.110) 

Distance to Khulna (in km) 0.001 
(0.015) 

-0.011 
(0.058) 

13.426 
(23.229) 

0.000 
(0.059) 

Outcome in baseline 0.094 
(0.085) 

0.168 
(0.181) 

0.080 
(0.196) 

0.034 
(0.077) 
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Source: Authors’ calculations.  

Note: *** p<0.01, ** p<0.05, * p<0.1. All regressions use clustered standard errors at the cluster level. LASSO-picked controls include farmer 
age, years of education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-interven-
tion intention to stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023.  

 

Table 4: Impact of discount vouchers on Premium-grade SPF-PL adoption, expected yield, 

and mortality: Full sample and Active farmers 

Variable 

Adoption of Mid-grade SPF-PL (1/0) Expected yield (kg) 
Experienced  

mortality (1/0) 

(1) (2) (3) (4) 

Full Sample 
Active Shrimp 

Farmers 
Active Shrimp 

Farmers 
Active Shrimp 

Farmers 

Constant -0.120 
(0.892) 

0.548 
(3.496) 

-1,273.030 
(5,106.219) 

7.667 
(12.854) 

Treatment 1 = Treatment 2 (p-value) 0.9621 0.7307 0.9772 0.7769 

Control group: Dependent variable mean 0.091 0.172 117.081 0.241 

Control group: Dependent variable SD (0.289) (0.380) (264.599) (0.430) 

Observations 561 299 299 299 

R-squared 0.237 0.318 0.507 0.391 

Cluster Fixed Effects Yes Yes Yes Yes 

Sample-type Fixed Effects Yes Yes Yes Yes 

LASSO-picked controls Yes Yes Yes Yes 

Variable 

Adoption of Mid-grade SPF-PL (1/0) Expected yield (kg) 
Experienced  

mortality (1/0) 

(1) (2) (3) (4) 

Full Sample 
Active Shrimp 

Farmers 
Active Shrimp 

Farmers 
Active Shrimp 

Farmers 

Treatment 3: BDT 500 off from BDT 1200 type 0.100*** 
(0.023) 

0.188*** 
(0.051) 

30.974 
(23.861) 

0.004 
(0.060) 

Treatment 4: BDT 400 off from BDT 1200 type 0.079** 
(0.030) 

0.142** 
(0.067) 

33.116 
(41.281) 

0.070 
(0.065) 

Treatment 5: BDT 200 off from BDT 1200 type 0.063** 
(0.026) 

0.100** 
(0.046) 

24.827 
(21.012) 

0.000 
(0.083) 

Farm flooded in August 2024 0.000 
(0.023) 

-0.029 
(0.038) 

-40.832 
(28.519) 

0.046 
(0.056) 

Distance to Khulna (in km) 0.004 
(0.019) 

-0.012 
(0.040) 

13.022 
(8.233) 

-0.013 
(0.038) 

Date of last stocking - - -0.059 
(0.149) 

0.000 
(0.001) 

Outcome in baseline 0.054 
(0.164) 

0.466 
(0.351) 

0.213 
(0.233) 

-0.066 
(0.060) 

Constant -0.323 0.631 555.713 0.956 
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Source: Authors’ calculations.  

Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered at the cluster level. LASSO-picked controls include farmer age, years of educa-
tion, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to stock 
Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023.  

 

Table 5: LATE Estimates of Premium-grade SPF-PL Adoption on Expected Yield and Mortality 

(Active Farmers Only) 

Variable 

Adoption of Mid-grade SPF-PL (1/0) Expected yield (kg) 
Experienced  

mortality (1/0) 

(1) (2) (3) (4) 

Full Sample 
Active Shrimp 

Farmers 
Active Shrimp 

Farmers 
Active Shrimp 

Farmers 

(1.126) (2.300) (3,574.914) (16.008) 

Control group: Dependent variable mean 0.024 0.046 117.081 0.241 

Control group: Dependent variable SD (0.155) (0.211) (264.599) (0.430) 

Treatment 3 = Treatment 4 (p-value) 0.5027 0.3913 0.9514 0.2424 

Treatment 4 = Treatment 5 (p-value) 0.6537 0.5449 0.8376 0.3273 

Treatment 3 = Treatment 5 (p-value) 0.2496 0.1307 0.7819 0.9642 

Observations 772 434 434 434 

R-squared 0.135 0.272 0.349 0.353 

Cluster Fixed Effects Yes Yes Yes Yes 

Sample-type Fixed Effects Yes Yes Yes Yes 

LASSO-picked controls Yes Yes Yes Yes 

 

(1) 
Expected yield (kg) 

(2) 
Expected mortality (1/0) 

Active Farmers Active Farmers 

Panel A: Second Stage (LATE)   

Farmer adopted Premium-grade SPF-PL in 2024 (1/0) 199.687 
(126.773) 

0.018 
(0.306) 

Farm flooded in August 2024 (1/0) -40.612 
(26.631) 

0.058 
(0.049) 

Distance to Khulna (in km) 6.888 
(12.127) 

-0.006 
(0.035) 

Outcome in baseline 0.372 
(0.210) 

-0.042 
(0.053) 

Date of last stocking 0.082 
(0.249) 

0.000 
(0.001) 

Control group: Dependent variable mean 117.081 0.241 

Control group: Dependent variable SD (264.599) (0.430) 

Observations 434 434 
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Source: Authors’ calculations.  

Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. The second stage reports the Local Average Treatment 
Effect (LATE) of adopting Premium-grade SPF-PL on yield and mortality. The first stage estimates the effect of voucher assignment (Treat-
ment 3 to Treatment 5) on adoption. For regression (1), LASSO-picked control is whether the pond was deepened in 2023, for regression in 
(2), LASSO-picked controls are: local availability of SPF-PL before the intervention and whether farm was affected by cyclone.  

 

7.1.1 Mechanism behind adoption behavior: Heterogeneous treatment effects 

(i) Experience effects through prior multi-actor intervention participation 

We begin by examining whether prior exposure to SPF-PL through the 2023 multi-actor intervention 

shaped farmers’ responsiveness to the discount vouchers. Table 6 presents estimates of the treatment 

effects interacted with 2023 intervention-participation. Columns (1) and (2) report effects on the exten-

sive margin, for the full sample and active farmers, respectively. For Mid-grade, we find evidence of 

negative experience effects. Specifically, farmers in treatment group 2 (BDT 50 discount) who previ-

ously participated in the multi-actor intervention are 10.4 percentage points less likely to adopt Mid-

grade SPFPL compared to non-participants in the same treatment group (p < 0.05). For treatment 

group 1 (BDT 100 discount), the interaction term is also negative across both samples, though not sta-

tistically significant. Similarly, in the subsample of active farmers, the point estimates remain negative 

but are not statistically significant.  

Taken together, these findings for Mid-grade SPF-PL point toward a plausible negative experience ef-

fect, although the evidence is statistically significant only in select specifications: farmers previously ex-

posed to SPF-PL through the intervention appear less responsive to the price discount. This result is 

notable given that prior intervention participation was designed to promote informed and sustained up-

take of SPF-PL, with specific logistical support for Mid-grade SPF-PL. A possible interpretation is that 

these farmers—despite receiving training and information on the technology—might not experience the 

expected improvements in yield or disease resistance during the prior cycle. These dynamics may also 

 

(1) 
Expected yield (kg) 

(2) 
Expected mortality (1/0) 

Active Farmers Active Farmers 

R-squared 0.224 0.346 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 

 Adoption of Premium-grade (1/0) 

Active Farmers Active Farmers 

Panel B: First Stage (Instrument = Voucher Assignment)   

Treatment 3: BDT 500 off from BDT 1200 type 0.185*** 
(0.051) 

0.185*** 
(0.051) 

Treatment 4: BDT 400 off from BDT 1200 type 0.144** 
(0.064) 

0.144** 
(0.064) 

Treatment 5: BDT 200 off from BDT 1200 type 0.121*** 
(0.044) 

0.121*** 
(0.044) 
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warrant further investigation into behavioral mechanisms, particularly reference dependence through 

anchoring to previously experienced prices, which we explore in the following section.  

For Premium-grade SPF-PL (see Table 7), the experience effects move in the opposite direction. 

Among active farmers, those in treatment group 3 (BDT 500 discount) who previously participated in 

the intervention program are 19 percentage points more likely to adopt SPF-PL compared to their non-

participant counterparts. This suggests that prior exposure to training, when combined with a substan-

tial price discount on a higherquality input, may reinforce adoption behavior. While the interaction terms 

for other treatment groups follow a similar pattern, they are not statistically significant. However, the 

findings from this table suggest that farmers in our context do not exhibit lower openness to adopting 

new technologies, despite their lack of prior non-experience with Premium-grade.  

Table 6: Heterogeneous Impact of Discount Vouchers on Mid-grade SPF-PL Adoption by Prior 

Participation in the 2023 Multi-Actor Intervention 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 1: BDT 100 off from BDT 800 type 0.064 
(0.044) 

0.113 
(0.087) 

Treatment 2: BDT 50 off from BDT 800 type 0.080 
(0.055) 

0.131 
(0.128) 

Multi-actor intervention participant in 2023 0.067 
(0.046) 

0.051 
(0.102) 

Treatment 1 x multi-actor intervention participation -0.075 
(0.066) 

-0.077 
(0.119) 

Treatment 2 x multi-actor intervention participation -0.104** 
(0.052) 

-0.162 
(0.121) 

Farm affected by flood in August 2024 (1/0) -0.054* 
(0.032) 

-0.077 
(0.064) 

Distance to Khulna (in km) 0.001 
(0.014) 

-0.018 
(0.056) 

Adoption of Mid-grade SPF-PL in 2023 (1/0) 0.098 
(0.087) 

0.171 
(0.188) 

Constant -0.172 
(0.834) 

0.946 
(3.371) 

Control group: Dependent variable mean 0.091 0.172 

Control group: Dependent variable SD (0.289) (0.380) 

Treatment 1 Mean (for non-participants in intervention) 0.087 0.170 

Treatment 1 SD (for non-participants in intervention) (0.283) (0.379) 

Treatment 2 Mean (for non-participants in intervention) 0.093 0.186 

Treatment 2 SD (for non-participants in intervention) (0.292) (0.394) 

Observations 561 299 

R-squared 0.241 0.323 
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Source: Authors’ calculations.  

Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors are clustered at the cluster level. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023.  

 

Table 7: Heterogeneous Impact of Discount Vouchers on Premium-grade SPF-PL Adoption by 

Prior Participation in the 2023 Multi-Actor Intervention 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 3: BDT 500 off from BDT 1200 type 0.084*** 
(0.030) 

0.150** 
(0.060) 

Treatment 4: BDT 400 off from BDT 1200 type 0.054 
(0.032) 

0.064 
(0.091) 

Treatment 5: BDT 200 off from BDT 1200 type 0.040 
(0.030) 

-0.013 
(0.052) 

Multi-actor intervention participant in 2023 0.007 
(0.032) 

-0.088 
(0.075) 

Treatment 3 x Multi-actor intervention participant 0.045 
(0.054) 

0.193** 
(0.090) 

Treatment 4 x Multi-actor intervention participant 0.050 
(0.056) 

0.138 
(0.127) 

Treatment 5 x Multi-actor intervention participant 0.032 
(0.043) 

0.064 
(0.069) 

Farm affected by flood in August 2024 (1/0) -0.002 
(0.024) 

-0.034 
(0.038) 

Distance to Khulna (in km) 0.005 
(0.020) 

-0.008 
(0.043) 

Adoption of Premium-grade SPF-PL in 2023 (1/0) 0.053 
(0.166) 

0.493 
(0.321) 

Constant -0.378 
(1.177) 

0.434 
(2.486) 

Control group: Dependent variable mean 0.024 0.046 

Control group: Dependent variable SD (0.155) (0.211) 

Treatment 3 Mean (for non-participants in intervention) 0.088 0.167 

Treatment 3 SD (for non-participants in intervention) (0.285) (0.376) 
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Source: Authors’ calculations.  

Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors are clustered at the cluster level. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023.  

 

(ii) Reference dependence and anchoring effects 

Next, we examine whether prior receipt of free Mid-grade SPF-PL under the 2023 multi-actor interven-

tion program created a reference point that shaped subsequent adoption decisions when the product 

was discounted but not free. Approximately 20.4% of farmers in our sample reported receiving free Mid-

grade SPF-PL in the previous year. Following the behavioral economics literature on reference depend-

ence and anchoring to prior prices (Dupas, 2014; Köszegi and Rabin, 2006), we interact our treatment 

variables with a binary indicator for past receipt of free Mid-grade SPF-PL. Table 8 and Table 9 present 

estimates of the interaction between treatment assignment and receipt of free Mid-grade SPF-PL in the 

previous season, for Mid-grade and Premium-grade adoption outcomes in 2024, respectively. While the 

evidence is not uniformly strong, we observe suggestive patterns consistent with anchoring effects in 

the case of Mid-grade adoption. Specifically, farmers in treatment group 2 who previously received free 

Mid-grade SPF-PL are 12.6 and 20.1 percentage points less likely to adopt, relative to those in the 

same treatment group who did not receive the input for free. Given that treatment group 2 received the 

smallest price discount (BDT 50), Mid-grade SPF-PL remained relatively expensive for them, potentially 

amplifying the anchoring effect and discouraging purchase at the discounted price.  

We next examine whether receiving Mid-grade SPF-PL for free influences adoption of Premium-grade 

SPF-PL. As shown in Table 9, none of the interaction terms are statistically significant. One possible 

explanation is that farmers—including those who received Mid-grade SPF-PL for free—are aware of the 

superior quality of Premium-grade SPF-PL. As such, prior exposure to the lower-quality variant at no 

cost may not have distorted their valuation of the higher-quality input, leaving their Premium-grade 

adoption decisions unaffected.  

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 4 Mean (for non-participants in intervention) 0.071 0.143 

Treatment 4 SD (for non-participants in intervention) (0.258) (0.354) 

Treatment 5 Mean (for non-participants in intervention) 0.044 0.087 

Treatment 5 SD (for non-participants in intervention) (0.206) (0.285) 

Observations 772 434 

R-squared 0.136 0.280 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 
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Table 8: Heterogeneous Impact of Discount Vouchers on Mid-grade SPF-PL Adoption by Prior 

Free Receipt of Mid-grade SPF-PL 

Source: Authors’ calculations.  

Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023.  

 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 1: BDT 100 off BDT 800 type 0.027 
(0.031) 

0.059 
(0.065) 

Treatment 2: BDT 50 off BDT 800 type 0.056 
(0.044) 

0.094 
(0.090) 

Received free Mid-grade SPF-PL in 2023 (1/0) 0.058 
(0.114) 

0.058 
(0.216) 

Treatment 1 x Received free Mid-grade SPF-PL 0.010 
(0.086) 

0.043 
(0.159) 

Treatment 2 x Received free Mid-grade SPF-PL -0.126* 
(0.069) 

-0.201* 
(0.116) 

Farm affected by flood in August 2024 (1/0) -0.059* 
(0.032) 

-0.086 
(0.065) 

Distance to Khulna (in km) 0.002 
(0.015) 

-0.012 
(0.057) 

Adoption of Mid-grade SPF-PL in 2023 (1/0) 0.094 
(0.085) 

0.155 
(0.180) 

Constant -0.160 
(0.876) 

0.573 
(3.456) 

Control group: Dependent variable mean 0.091 0.172 

Control group: Dependent variable SD (0.289) (0.380) 

Treatment 1 Mean (Free-PL non-recipient) 0.079 0.163 

Treatment 1 SD (Free-PL non-recipient) (0.270) (0.371) 

Treatment 2 Mean (Free-PL non-recipient) 0.107 0.205 

Treatment 2 SD (Free-PL non-recipient) (0.310) (0.406) 

Observations 561 299 

R-squared 0.243 0.329 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 
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Table 9: Heterogeneous Impact of Discount Vouchers on Premium-grade SPF-PL Adoption by 

Prior Free Receipt of Mid-grade SPF-PL 

Source: Authors’ calculations.  

Variables 

Adoption of Premium-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 3: BDT 500 off BDT 1200 type 0.117*** 
(0.029) 

0.216*** 
(0.063) 

Treatment 4: BDT 400 off BDT 1200 type 0.079** 
(0.034) 

0.152* 
(0.080) 

Treatment 5: BDT 200 off BDT 1200 type 0.065** 
(0.027) 

0.094* 
(0.053) 

Received free Mid-grade SPF-PL in 2023 (1/0) 0.002 
(0.053) 

-0.067 
(0.095) 

Treatment 3 x Received free Mid-grade SPF-PL -0.072 
(0.047) 

-0.110 
(0.095) 

Treatment 4 x Received free Mid-grade SPF-PL 0.006 
(0.058) 

-0.034 
(0.133) 

Treatment 5 x Received free Mid-grade SPF-PL -0.005 
(0.080) 

0.032 
(0.106) 

Farm flooded in Aug 2024 (1/0) 0.001 
(0.024) 

-0.028 
(0.039) 

Distance to Khulna (in km) 0.004 
(0.020) 

-0.012 
(0.040) 

Adoption of Premium-grade SPF-PL in 2023 (1/0) 0.058 
(0.162) 

0.465 
(0.339) 

Constant -0.309 
(1.142) 

0.586 
(2.294) 

Control group: Dependent variable mean 0.024 0.046 

Control group: Dependent variable SD (0.155) (0.211) 

Treatment 3 Mean (Free-PL non-recipient) 0.105 0.176 

Treatment 3 SD (Free-PL non-recipient) (0.308) (0.383) 

Treatment 4 Mean (Free-PL non-recipient) 0.082 0.151 

Treatment 4 SD (Free-PL non-recipient) (0.275) (0.360) 

Treatment 5 Mean (Free-PL non-recipient) 0.063 0.119 

Treatment 5 SD (Free-PL non-recipient) (0.244) (0.326) 

Observations 772 434 

R-squared 0.137 0.276 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 
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Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023. 

 

Taken together, these results are mildly suggestive of a behavioral barrier rooted in reference depend-

ence, especially for Mid-grade SPF-PL. Farmers who previously received the technology for free may 

have anchored on the zero price, leading to reduced valuation and take-up even in the presence of 

substantial subsidies. This behavioral response is consistent with the idea that expectations formed 

through earlier subsidies can undermine the effectiveness of cost-sharing strategies in subsequent peri-

ods. The pattern of results is broadly consistent with the hypothesis that prior free receipt anchored 

farmers’ price expectations, although the estimates are imprecise and should be interpreted with cau-

tion.  

To further analyze the experience effect, we examine farmers’ use of SPF-PL and its impact on yield 

and mortality in the pre-intervention years (2022 and 2023). We analyze this using a two-Way Fixed Ef-

fects (TWFE) model, and present the results in appendix I. The findings indicate that farmers who used 

mid-grade SPF-PL did not experience higher yields or lower mortality in 2022 and 2023, which helps 

explain their reluctance toward adopting mid-grade SPF-PL in 2024. 

From a policy perspective, these findings might caution against the repeated use of fully subsidized 

programs without a clear transition path. While free provision may temporarily increase initial exposure, 

it risks anchoring farmers’ price expectations, thereby reducing their willingness to pay in future 

rounds—even when the technology may prove to be beneficial.  

(iii) Learning from risk and mortality experience 

Table 10 presents estimates from regressions interacting treatment assignment with selfreported expo-

sure to Cyclone Remal in May 2024. For Mid-grade SPF-PL, we find no statistically significant differ-

ences in adoption behavior at the extensive margin between cyclone-exposed and non-exposed farm-

ers across treatment groups.  

In contrast, for Premium-grade SPF-PL, the interaction effects suggest a significant negative associa-

tion between recent exposure to the cyclone and adoption decisions (see Table 11. In treatment group 

3 (highest discount recipients) farmers who experienced cyclone-related disruptions are 14.9 percent-

age points (full sample, at p < 0.05) and 23.7 percentage points (active farmers, at p < 0.10) less likely 

to adopt Premium-grade 

SPF-PL compared to their non-exposed counterparts. Similarly, in treatment group 5 (lowest discount 

recipients), cyclone-affected farmers are 28.8 percentage points less likely to adopt (p < 0.05). While 

the remaining interaction terms are also negative, they are not statistically significant. These results are 

consistent with the hypothesis that recent exposure to a natural disaster imposes capital constraints 

that cannot be fully offset by moderate price discounts. 

The findings underscore the importance of timing and context in shaping technology adoption behavior. 

For more expensive inputs like Premium-grade SPF-PL, price reductions alone may be insufficient 

when farmers are simultaneously recovering from shocks. This highlights the need for complementary 

interventions—such as targeted financial assistance or deferred payment schemes—for farmers facing 

acute liquidity constraints. More broadly, these results reinforce the role of lived experiences in shaping 
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perceived vulnerability and willingness to adopt new technologies, suggesting that interventions follow-

ing natural disasters may offer strategic leverage points for encouraging uptake. 

We also examine whether prior experience with shrimp mortality influenced responsiveness to the 

voucher treatments by interacting treatment assignment with a binary indicator for reported mortality in 

2023. Table 12 and Table 13 report the results for Mid-grade and Premium-grade SPF-PL, respectively. 

Across both cases, we do not find statistically significant differences in adoption behavior between 

treated farmers who experienced shrimp mortality and those who did not. 

This finding is noteworthy given that a central motivation for promoting SPF-PL is its purported ability to 

reduce shrimp mortality. The absence of differential treatment effects suggests that this messaging 

alone may not have been sufficient to shift adoption behavior, even among farmers who had recently 

experienced production losses. It may reflect limited recall or salience of past losses, or competing con-

straints that outweigh prior negative experiences.  

Table 10: Heterogeneous impact of discount vouchers by cyclone exposure on the adoption of 

Mid-grade SPF-PL 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 1: BDT 100 off from BDT 800 type 0.015 
(0.041) 

0.015 
(0.080) 

Treatment 2: BDT 50 off from BDT 800 type -0.005 
(0.050) 

-0.014 
(0.096) 

Cyclone-affected farm in May 2024 (1/0) -0.041 
(0.059) 

-0.110 
(0.149) 

Treatment 1 × Cyclone-affected farm 0.038 
(0.068) 

0.175 
(0.148) 

Treatment 2 × Cyclone-affected farm 0.110 
(0.082) 

0.192 
(0.191) 

Farm flooded in Aug 2024 (1/0) -0.056* 
(0.032) 

-0.076 
(0.067) 

Distance to Khulna (in km) 0.002 
(0.015) 

-0.006 
(0.057) 

Adoption of Mid-grade SPF-PL in 2023 (1/0) 0.099 
(0.085) 

0.172 
(0.183) 

Constant -0.157 
(0.883) 

0.277 
(3.478) 

Control group: Dependent variable mean 0.091 0.172 

Control group: Dependent variable SD (0.289) (0.380) 

Treatment 1 Mean (Cyclone-unaffected) 0.112 0.203 

Treatment 1 SD (Cyclone-unaffected) (0.316) (0.404) 

Treatment 2 Mean (Cyclone-unaffected) 0.084 0.151 

Treatment 2 SD (Cyclone-unaffected) (0.278) (0.360) 
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Source: Authors’ calculations.  

Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023. 

 

Table 11: Heterogeneous impact of discount vouchers by cyclone exposure on the adoption of 

Premium-grade SPF-PL 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Observations 561 299 

R-squared 0.241 0.325 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 

Variables 

Adoption of Premium-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 3: BDT 500 off from BDT 1200 type 0.141*** 
(0.032) 

0.244*** 
(0.070) 

Treatment 4: BDT 400 off from BDT 1200 type 0.091*** 
(0.033) 

0.173** 
(0.071) 

Treatment 5: BDT 200 off from BDT 1200 type 0.092** 
(0.035) 

0.177*** 
(0.064) 

Cyclone-affected farm in May 2024 (1/0) 0.070 
(0.042) 

0.160* 
(0.092) 

Treatment 3 × Cyclone-affected farm -0.149** 
(0.067) 

-0.237* 
(0.140) 

Treatment 4 × Cyclone-affected farm -0.040 
(0.063) 

-0.130 
(0.109) 

Treatment 5 × Cyclone-affected farm -0.097 
(0.070) 

-0.288** 
(0.139) 

Farm flooded in Aug 2024 (1/0) -0.001 
(0.024) 

-0.029 
(0.040) 

Distance to Khulna (in km) 0.006 
(0.020) 

-0.005 
(0.040) 

Adopted Premium-grade SPF-PL in 2023 (1/0) 0.060 
(0.171) 

0.546 
(0.335) 

Constant -0.407 
(1.137) 

0.183 
(2.306) 

Control group: Dependent variable mean 0.024 0.046 

Control group: Dependent variable SD (0.155) (0.211) 
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Source: Authors’ calculations.  

Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023. 

 

Table 12: Heterogeneous impact of discount vouchers by prior shrimp mortality experience on 

Adoption of Mid-grade SPF-PL 

Variables 

Adoption of Premium-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 1 Mean (Cyclone-unaffected) 0.122 0.200 

Treatment 1 SD (Cyclone-unaffected) (0.328) (0.402) 

Treatment 2 Mean (Cyclone-unaffected) 0.081 0.151 

Treatment 2 SD (Cyclone-unaffected) (0.275) (0.360) 

Treatment 3 Mean (Cyclone-unaffected) 0.081 0.145 

Treatment 3 SD (Cyclone-unaffected) (0.275) (0.354) 

Observations 772 434 

R-squared 0.143 0.286 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 1 (BDT 100 off from BDT 800 type) -0.021 
(0.048) 

0.033 
(0.150) 

Treatment 2 (BDT 50 off from BDT 800 type) -0.036 
(0.063) 

-0.081 
(0.153) 

Faced shrimp mortality in 2023 (1/0) -0.013 
(0.072) 

0.011 
(0.132) 

Treatment Group 1 × Faced shrimp mortality 0.076 
(0.069) 

0.047 
(0.186) 

Treatment Group 2 × Faced shrimp mortality 0.103 
(0.085) 

0.175 
(0.181) 

Farm flooded in Aug 2024 (1/0) -0.059* 
(0.033) 

-0.081 
(0.065) 

Distance to Khulna (in km) 0.000 
(0.015) 

-0.016 
(0.056) 

Adopted Mid-grade SPF-PL in 2023 (1/0) 0.085 
(0.088) 

0.153 
(0.177) 

Constant -0.047 0.841 
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Source: Authors’ calculations.  

Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023. 

 

Table 13: Heterogeneous impact of discount vouchers by prior shrimp mortality experience on 

Adoption of Premium-grade SPF-PL 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

(0.907) (3.410) 

Control group: Dependent variable mean 0.091 0.172 

Control group: Dependent variable SD (0.289) (0.380) 

Treatment 1 Mean (No Mortality) 0.097 0.269 

Treatment 1 SD (No Mortality) (0.298) (0.452) 

Treatment 2 Mean (No Mortality) 0.068 0.139 

Treatment 2 SD (No Mortality) (0.253) (0.351) 

Observations 561 299 

R-squared 0.244 0.329 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 

Variables 

Adoption of Premium-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment 3 (BDT 500 off from BDT 1200 type) 0.107** 
(0.043) 

0.224** 
(0.095) 

Treatment 4 (BDT 400 off from BDT 1200 type) 0.053 
(0.041) 

0.116 
(0.120) 

Treatment 5 (BDT 200 off from BDT 1200 type) 0.030 
(0.047) 

0.079 
(0.128) 

Faced shrimp mortality in 2023 (1/0) -0.053* 
(0.031) 

-0.047 
(0.082) 

Treatment 3 × Faced shrimp mortality -0.011 
(0.051) 

-0.055 
(0.103) 

Treatment 4 × Faced shrimp mortality 0.043 
(0.051) 

0.038 
(0.118) 

Treatment 5 × Faced shrimp mortality 0.052 
(0.060) 

0.029 
(0.145) 

Distance to Khulna (in km) 0.004 
(0.020) 

-0.014 
(0.041) 
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Source: Authors’ calculations.  

Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023. 

 

(iv) Value of infrastructure preparedness: by having a nursing facility 

We examine whether prior use of nursing facilities at baseline (2023) moderated farmers’ responsive-

ness to discount vouchers for SPF-PL. The rationale behind this heterogeneity analysis is that farmers 

who adopted nursing practices in the past may have higher baseline awareness of shrimp health risks 

or greater technical capacity to handle vulnerable PL, potentially shaping both their preferences and 

perceived benefits of SPF-PL. In both the regressions for Mid-grade and Premium-grade SPF-PL, we 

include interaction terms between voucher treatments and a binary indicator for prior use of nursing fa-

cilities.  

In the case of Mid-grade SPF-PL (Table 14), the interaction between Treatment Group 2 (BDT 50 off 

from BDT 800) and prior nursing facility use is statistically significant and positive in the full sample (β = 

0.146, p < 0.1). This suggests that farmers who previously used nursing facilities were significantly 

more likely to adopt SPF-PL in response to even a modest discount. The magnitude of the interaction 

for active farmers (β = 0.146) is larger but not statistically significant at conventional levels, likely due to 

lower power in the subsample. Meanwhile, interaction terms for Treatment Group 1 (BDT 100 off) are 

Variables 

Adoption of Premium-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Farm flooded in 2023 (1/0) 0.037 
(0.039) 

0.050 
(0.068) 

Adopted Premium-grade SPF-PL in 2023 (1/0) 0.048 
(0.162) 

0.440 
(0.330) 

Constant -0.237 
(1.144) 

0.785 
(2.305) 

Control group: Dependent variable mean 0.024 0.046 

Control group: Dependent variable SD (0.155) (0.211) 

Treatment 1 Mean (No Mortality) 0.200 0.239 

Treatment 1 SD (No Mortality) (0.402) (0.431) 

Treatment 2 Mean (No Mortality) 0.081 0.226 

Treatment 2 SD (No Mortality) (0.275) (0.425) 

Treatment 3 Mean (No Mortality) 0.081 0.185 

Treatment 3 SD (No Mortality) (0.275) (0.396) 

Observations 772 434 

R-squared 0.139 0.277 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 
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small and statistically insignificant across both samples. The main effect of having used a nursing facil-

ity is negative but imprecise, indicating that prior nursing alone does not predict higher adoption in the 

absence of a discount. 

In the Premium-grade SPF-PL results (Table 15), the interaction terms for Treatment Groups 4 and 5 

(BDT 400 and BDT 200 discounts from the BDT 1200 price point, respectively) are positive and statisti-

cally significant in the full sample. Farmers with prior nursing experience who received these smaller 

discounts were 10–11 percentage points more likely to adopt compared to non-nursing farmers in the 

same treatment arms. The interaction with the largest discount (Treatment Group 3, BDT 500 off) is not 

significant, suggesting a possible ceiling effect in responsiveness. In the active farmer subsample, the 

interaction coefficients are similarly positive but imprecisely estimated. Taken together, these results 

suggest that past nursing behavior serves as a marker for receptivity to health-oriented technologies 

like SPF-PL, particularly when incentives are modest.  

Table 14: Heterogeneous impact of discount vouchers by prior nursing facility use on Adoption 

of Mid-grade SPF-PL 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment Group 1 (BDT 100 off from BDT 800 type) 0.029 
(0.043) 

0.059 
(0.077) 

Treatment Group 2 (BDT 50 off from BDT 800 type) -0.027 
(0.057) 

-0.039 
(0.114) 

Used nursing facility in baseline (1/0) -0.062 
(0.055) 

-0.070 
(0.111) 

Treatment Group 1 × Used nursing facility 0.003 
(0.074) 

0.024 
(0.143) 

Treatment Group 2 × Used nursing facility 0.146* 
(0.083) 

0.198 
(0.162) 

Farm flooded in Aug 2024 (1/0) -0.055 
(0.033) 

-0.069 
(0.070) 

Distance to Khulna (in km) 0.001 
(0.015) 

-0.012 
(0.059) 

Adopted Mid-grade SPF-PL in 2023 (1/0) 0.104 
(0.085) 

0.182 
(0.175) 

Constant -0.062 
(0.875) 

0.624 
(3.551) 

Control group: Dependent variable mean 0.091 0.172 

Control group: Dependent variable SD (0.289) (0.380) 

Treatment 1 Mean (No Nursing) 0.111 0.203 

Treatment 1 SD (No Nursing) (0.316) (0.405) 

Treatment 2 Mean (No Nursing) 0.080 0.161 

Treatment 2 SD (No Nursing) (0.272) (0.371) 

Observations 561 299 
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Source: Authors’ calculations.  

Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023. 

 

Table 15: Heterogeneous impact of discount vouchers by prior nursing facility use on Adoption 

of Premium-grade SPF-PL 

Variables 

Adoption of Mid-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

R-squared 0.247 0.327 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 

Variables 

Adoption of Premium-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment Group 3 (BDT 500 off from BDT 1200 type) 0.100*** 
(0.030) 

0.200*** 
(0.061) 

Treatment Group 4 (BDT 400 off from BDT 1200 type) 0.037 
(0.028) 

0.099 
(0.068) 

Treatment Group 5 (BDT 200 off from BDT 1200 type) 0.028 
(0.031) 

0.061 
(0.063) 

Used nursing facility in baseline (1/0) -0.046* 
(0.027) 

-0.042 
(0.064) 

Treatment Group 3 × Used nursing facility 0.005 
(0.048) 

-0.028 
(0.083) 

Treatment Group 4 × Used nursing facility 0.115** 
(0.051) 

0.109 
(0.094) 

Treatment Group 5 × Used nursing facility 0.102* 
(0.051) 

0.113 
(0.106) 

Farm flooded in Aug 2024 (1/0) 0.001 
(0.023) 

-0.023 
(0.040) 

Distance to Khulna (in km) 0.005 
(0.020) 

-0.010 
(0.040) 

Adopted Premium-grade SPF-PL in 2023 (1/0) 0.055 
(0.163) 

0.423 
(0.368) 

Constant -0.352 
(1.136) 

0.549 
(2.306) 

Control group: Dependent variable mean 0.024 0.046 

Control group: Dependent variable SD (0.155) (0.211) 

Treatment Group 3 Mean (No Nursing) 0.0488 0.088 
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Source: Authors’ calculations.  

Note: Standard errors are clustered at the cluster level. *** p<0.01, ** p<0.05, * p<0.1. LASSO-picked controls include farmer age, years of 
education, owned pond area, history of pond flooding in 2023, local availability of SPF-PL before the intervention, pre-intervention intention to 
stock Bagda, receipt of free PL in 2023, and whether the pond was deepened in 2023. 

 

8 LIMITATIONS 

Our study is not without limitations. First, one might wonder if our analysis of Midgrade SPF-PL may be 

constrained by statistical power. However, as shown in Appendix Section C, baseline adoption rates 

were inflated due to the free distribution of SPF-PL in the prior year. When excluding those who re-

ceived it for free, the adjusted adoption rate was approximately 7.5%, which closely aligns with the end-

line adoption rate. Given our sample size, this allowed us to detect treatment effects of roughly 10–12 

percentage points. However, the study may be underpowered to detect smaller yet potentially policy-

relevant effects below this threshold. 

Second, the analysis among active farmers is further constrained by sample size, which may limit 

power to detect modest effects. Moreover, we measure adoption over a single post-intervention sea-

son, which does not capture long-term behavioral shifts or learning dynamics. Although Black-tiger 

shrimp farming is not seasonally fixed, environmental shocks such as flooding or cyclones can disrupt 

salinity and infrastructure, potentially affecting outcomes. The intervention window was further limited 

by logistical constraints—specifically, an early start would have allowed greater coverage of active 

farmers, and a later voucher expiration could have accommodated delayed adoption. However, our 

study timeline, including endline data collection, was bounded by funding requirements that necessi-

tated completion of activities by December 2024. 

Third, while we took measures to limit direct spillovers—such as verifying voucher eligibility via national 

ID (NID) numbers—it is not fully impossible that indirect sharing of SPF-PL occurred after purchase. 

However, we verified reported adoption by tracking purchases from Desh Bangla (the official distributor) 

for farmers including the ones in the control group. Our records indicate that control farmers who pur-

Variables 

Adoption of Premium-grade SPF-PL (1/0) 

(1) 
Full Sample 

(2) 
Active Farmers 

Treatment Group 3 SD (No Nursing) (0.216) (0.286) 

Treatment Group 4 Mean (No Nursing) 0.064 0.123 

Treatment Group 4 SD (No Nursing) (0.246) (0.331) 

Treatment Group 5 Mean (No Nursing) 0.130 0.234 

Treatment Group 5 SD (No Nursing) (0.338) (0.426) 

Observations 772 434 

R-squared 0.143 0.279 

Cluster Fixed Effects Yes Yes 

Sample-type Fixed Effects Yes Yes 

LASSO-picked controls Yes Yes 
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chased SPF-PL did so directly from Desh Bangla rather than through peer farmers. Moreover, the aver-

age price they paid for SPF-PL was equal to the full market price, suggesting that the likelihood of post-

purchase sharing was very low. 

Fourth, due to staggered harvest schedules, we only could collect self-reported expectations for yield 

and mortality in the endline for many of the farmers who cultivated Black-tiger shrimp, not realized out-

comes. Future work could revisit these farms to verify whether the technology translated into actual 

productivity gains. 

Finally, the study was conducted in a specific geography (Khulna, Bagerhat, Satkhira) and under a par-

ticular institutional setup (Desh Bangla as the sole distributor). While this region was the largest hub for 

shrimp farmers in Bangladesh, caution should be exercised in generalizing findings to other regions 

with different market structures or institutional supports. 

Despite these constraints, the study provides valuable evidence on adoption behavior under price, 

availability and information frictions.  

9 DISCUSSIONS AND CONCLUSION 

This study evaluates the impact of price discounts on the adoption of Specific Pathogen Free post-lar-

vae (SPF-PL) among shrimp farmers in southwestern Bangladesh, a region facing high output losses 

due to disease-driven shrimp mortality. We randomly assigned farmers to receive vouchers that re-

duced the prices of two types of SPF-PL—Mid-grade and Premium-grade—to match or undercut the 

price of the widely used, but more diseaseprone, normal hatchery PL. Importantly, the intervention oc-

curred in a competitive input landscape where normal PL is not only more familiar and widely available, 

but also commonly sold on credit—unlike SPF-PL, which must be purchased in cash. 

Our findings reveal that price discounts alone were insufficient to shift adoption for Midgrade SPF-PL. 

By contrast, we find statistically significant positive effects of the vouchers on Premium-grade SPF-PL 

adoption, especially among farmers who actively cultivated shrimp during the study period. These re-

sults highlight the importance of perceived input quality: adoption rates increased by 6 to 10 percentage 

points in the full sample and by 

10 to 19 percentage points among active shrimp farmers. However, coefficient equality tests indicate 

that the effects of larger discounts are not statistically different from those of smaller discounts. In other 

words, lowering the price of Premium-grade SPF-PL to fully match that of normal hatchery PL does not 

generate a significantly higher adoption rate than offering a smaller discount—one that reduces only 

less than half of the price gap. 

We also document meaningful heterogeneity in adoption responses. Farmers who had prior exposure 

to Mid-grade SPF-PL—through free receipt or participation in the 2023 multi-actor intervention—were 

less likely to adopt the same product again, suggesting the presence of experience effects and refer-

ence dependence. Interestingly, prior exposure to Mid-grade SPF-PL appears to have encouraged 

switching to the higher-quality Premiumgrade SPF-PL variant, reinforcing the idea that farmer learning 

influences input choices over time. 

Contextual constraints also shaped adoption. Farmers exposed to a recent natural disaster (cyclone 

Remal in May 2024) were significantly less likely to adopt Premium-grade SPF-PL, even with the price 

discount, suggesting that capital constraints induced by shocks can undermine technology adoption. 
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Moreover, treated farmers who had infrastructure preparedness—such as installing a nursing facility—

were more likely to adopt than the ones who did not install one, indicating that complementary infra-

structure preparedness play a critical role in technology uptake. Overall, our findings contribute to the 

mixed literature on input subsidies and technology adoption by documenting both a lack of responsive-

ness to a discounted product that, despite being advertised as good quality, was perceived by farmers 

as inadequate to re-adopt, and a positive adoption response to an alternative discounted product per-

ceived as higher quality. 

A key insight from this study is that farmers can be effectively nudged toward adopting higher-quality 

agricultural inputs when the quality differential is clearly perceived or credibly signaled. Beyond the con-

text of shrimp farming, these findings offer broader insights for technology promotion in aquaculture and 

agriculture. With their experience of adopting Premium-grade SPF-PL, it may be worth exploring how 

the medium and long-term learning and adoption behavior get adjusted. Farmer experience and expo-

sure history should inform targeting strategies. Interventions may yield higher returns when directed to-

ward infrastructurally aware and prepared farmers—particularly when paired with price incentives and 

simple information. At the same time, a uniform approach is unlikely to succeed. Farmers who experi-

enced shock in terms of capital investments may require more tailored engagement, such as personal-

ized advisory services or credits. 

Together, these findings offer several implications for agricultural technology promotion in low-income 

contexts:  

 Farmers value quality if affordability improves: Even in the presence of cheaper, familiar alter-

natives, a sizable share of farmers opted for higher-quality inputs when affordability improved. From 

a policy perspective, our finding implies that even smaller ( BDT 200= $2 per thousand PL), well-

targeted discounts could be effective in promoting the adoption of quality inputs. 

 Behavioral perceptions matter: Past exposure to a technology—whether successful or not—can 

strongly shape future adoption behavior through reference dependence or learning. 

 Targeting matters: Interventions may yield higher returns when directed at infrastructurally pre-

pared farmers and those less affected by recent shocks. 

 Support may need to be multifaceted: Financial incentives alone may be insufficient in shock-

prone areas where natural disasters regularly disrupt livelihoods. Bundling price discounts with 

complementary interventions—such as liquidity support or post-disaster recovery mechanisms—

may help overcome adoption barriers. While this study does not test such bundled approaches, fu-

ture research could explore their effectiveness. 

Looking forward, future research should examine the persistence of adoption beyond a single season 

and assess realized (not just expected) productivity gains. Understanding how farmers’ experiences 

evolve—and how adoption behavior adjusts in response to longterm risk perceptions, liquidity con-

straints, and input markets—remains a critical area for advancing sustainable and inclusive aquaculture 

development.  
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APPENDIX 

A Sampling strategy for multi-actor intervention program evaluation in 
2023 

To evaluate the 2023 multi-actor intervention programs implemented by the Department of Fisheries 

(DoF), ACI Agrolink Ltd. (ACI), and the Bangladesh Shrimp and Fish Foundation (BSFF), IFPRI sam-

pled farmers from 60 designated village clusters. The sample included three groups: (i) program partici-

pants, (ii) non-participants from the same village, and (iii) non-participants from nearby villages. The 

sampling strategy and criteria for selecting clusters and farmer groups are described below.  

2023 intervention program-participant farmers formed groups based on guidelines set by DoF, ACI, or 

BSFF, and engaged in coordinated production across contiguous ponds. DoF program participants 

were sampled using a two-stage random sampling strategy: 60 clusters were randomly drawn from a 

registry of 300 clusters maintained by the Sustainable Coastal and Marine Fisheries Project (SCMFP), 

followed by 7 farmers per cluster. 

Dropouts were retained in the sample, with replacements added as needed, yielding 444 DoF progam 

participant farmers. In contrast, a census of all farmers in eight functional clusters managed by BSFF (4 

clusters, 20 farmers per cluster, with a total of 80 farmers) and ACI (4 clusters, 25 farmers per cluster 

with a total of 98 farmers) was conducted, adjusting for two ineligible cases.  

Non-participants were selected via random sampling from a census of shrimp farmers in the same or 

adjacent villages. For DoF clusters, 3 non-participants from the same village and 4 from an adjacent 

village per cluster were sampled. For BSFF, the corresponding numbers were 8 and 12; for ACI, 12 and 

13.  
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B Vouchers and logistics 

Figure B1: Coupons and Pamphlet Display: English version 

 
(a) Treatment 1 (b) Treatment 2 (c) Treatment 3 

 
(d) Treatment 4 (e) Treatment 5 (f) Control Group 

 

 
(g) Information Pamphlet  

(All Groups) 

 

Source: Authors.  
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Figure B2: Visual Materials Used in the Intervention 

 
(a) Discount vouchers: printed translated version 

 

 
(b) Opaque jute bag used to conduct the lottery.  (c) Number tokens (made of plastic) corre-

sponding to the voucher types.  

Source: Authors.  

 



55 

C Power calculation 

We designed the study with a fixed sample of 1,222 shrimp farmers, randomized at the individual level 

across six experimental arms: one control group, two treatment arms targeting Mid-grade SPF post-

larvae (PL), and three treatment arms targeting Premium-grade SPF-PL.  

Our primary outcome of interest is the binary adoption of SPF-PL in the 2024 season. Here, we present 

an ex-ante power calculations by type of SPF-PL to calculate the minimum detectable effects (MDE), 

using 2023 administrative and survey data as a baseline. We focused power calculations on adoption 

(1/0) of SPF-PL by type, given its centrality to the research question and policy relevance. Secondary 

outcomes, such as mortality and yield, are not used to power the study. Our randomization was based 

on an individuallevel public lottery. Hence, we did not have a prior idea on how the distribution among 

the treatment groups may turn out.  

For Mid-grade SPF-PL, the observed baseline adoption rate in the control group was 26%. However, 

this figure likely overstates the true baseline adoption rate in a context without external support. Nota-

bly, 20.4% of farmers in our sample received Mid-grade SPF-PL for free through a multi-actor interven-

tion program conducted in the previous year. When we exclude these free recipients, only 6.5% of 

farmers (n = 930) adopted Mid-grade SPF-PL, providing a more conservative and policy-relevant esti-

mate of the baseline.  

Using this 6.5% figure as the control group mean, we conducted power calculations under various sam-

ple size scenarios to determine the minimum detectable effect (MDE) at 80% power and a 5% signifi-

cance level (two-sided test). As shown in Panel A of Table C1, the MDE under a conservative scenario 

with 160 farmers in both treatment and control groups is approximately 10 percentage points. In a more 

favorable scenario with 200 in each group, the MDE falls to 8.7 percentage points.  

For Premium-grade SPF-PL, the baseline adoption rate was extremely low (0.8%), making direct use of 

the observed mean impractical for power analysis. We therefore conservatively assumed a control 

group mean of 2%, reflecting a plausible adoption rate in the absence of any discounts. Given the 

larger price differential—BDT 500—between conventional PL (BDT 700 per 1,000) and Premium-grade 

SPF-PL (BDT 1,200 per 1,000), an additional high-discount treatment arm was included. As shown in 

Panel B of Table C1, the MDE under realistic scenarios ranges from 7.2 percentage points (for N = 160 

in both groups) to 6.0 percentage points (for N = 200 in both groups).  

Table C1: Minimum Detectable Effects (MDE) for Adoption of SPF-PL by Type and Sample 

Size Scenario 

Panel A: Mid-grade SPF-PL (Sample mean adoption rate = 6.5%) 

Treat N Control N Total N Control 
(sample) Mean 

Treatment 
Mean 

MDE MDE (% of 
Baseline) 

160 160 320 0.065 0.165 0.100 153.1% 

160 170 330 0.065 0.163 0.098 150.6% 

160 180 340 0.065 0.162 0.097 148.5% 

160 190 350 0.065 0.160 0.095 146.6% 

170 190 360 0.065 0.158 0.093 143.4% 
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Source: Authors’ calculations.  

Note: For Mid-grade SPF-PL, the control group mean is based on the baseline adoption rate excluding farmers who received Mid-grade SPF-
PL for free. For Premium-grade, the observed baseline adoption rate was very low (0.8%); we use a slightly higher assumed rate (2%) to ena-
ble meaningful power calculations. Each row reports the minimum detectable effect (MDE) required to identify a statistically significant differ-
ence in adoption rates under a two-sided test with 5% significance and 80% power. The final column expresses the MDE as a percentage of 
the baseline adoption rate.  

 

  

Panel A: Mid-grade SPF-PL (Sample mean adoption rate = 6.5%) 

Treat N Control N Total N Control 
(sample) Mean 

Treatment 
Mean 

MDE MDE (% of 
Baseline) 

180 180 360 0.065 0.158 0.093 142.3% 

200 200 400 0.065 0.152 0.087 133.4% 

200 220 420 0.065 0.150 0.085 130.5% 

Panel B: Premium-grade SPF-PL (Assumed sample mean adoption rate = 2.0%) 

Treat N Control N Total N Control  
(sample) Mean 

Treatment 
Mean 

MDE MDE (% of 
Baseline) 

160 160 320 0.020 0.092 0.072 358.0% 

160 170 330 0.020 0.091 0.071 352.5% 

160 180 340 0.020 0.090 0.070 347.5% 

160 190 350 0.020 0.089 0.069 342.5% 

170 190 360 0.020 0.087 0.067 333.5% 

170 200 370 0.020 0.086 0.066 329.0% 

180 200 380 0.020 0.084 0.064 320.5% 

180 180 360 0.020 0.086 0.066 329.5% 

200 200 400 0.020 0.081 0.061 306.0% 

200 220 420 0.020 0.080 0.060 298.5% 



57 

D Attrition and treatment assignment 

Table D1: Effect of Treatment Group on Attrition 

Source: Authors’ calculations.  

Note: This table reports OLS estimates of the impact of treatment assignment on survey attrition. Standard errors in parentheses. The control 
group is the omitted category.  

  

 Attrition (1/0) 

Treatment 1: 100 taka off from BDT 800 type -0.008 
(0.015) 

Treatment 2: 50 taka off from BDT 800 type 0.003 
(0.015) 

Treatment 3: 500 taka off from BDT 1200 type 0.009 
(0.015) 

Treatment 4: 400 taka off from BDT 1200 type 0.011 
(0.015) 

Treatment 5: 200 taka off from BDT 1200 type 0.008 
(0.015) 

Constant 0.018 
(0.011) 

Observations 1,195 

R-squared 0.002 
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E Motivation behind the intervention 

Table E1: Association between farmers’ perception of SPF-PL as expensive and their reported 

use of SPF-PL during the 2023 stocking season 

Source: Authors’ calculations.  

Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.  

 

F Black-tiger shrimp farming decision and treatment 

We use the same regression setup as equation 2 and 3. We define decision to farm Black-tiger Shrimp 

in the year 2024 as the outcome variable for farmer 𝑖. The term 𝑌𝑖
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 is a binary variable that indi-

cates whether the farmer farmed Black Tiger Shrimp in 2023. The vector 𝑋𝑖 includes variables selected 

via LASSO for this particular equation. Other variables are defined as before.  

Table F1: Association between discount treatments and the decision to farm Black Tiger 

Shrimp 

Source: Authors’ calculations.  

Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 

Variables Used SPF-PL in 2023 (1/0) 

The farmer thought SPF-PL is too expensive before intervention 0.300*** 
(0.030) 

Constant 0.324*** 
(0.014) 

Observations 1,169 

R-squared 0.077 

Variables 
(1) 

Farmed Black-tiger shrimp in 2024 = 1 

Treatment groups  

T1: 100 taka off from 800 taka type -0.016 
(0.052) 

T2: 50 taka off from 800 taka type 0.025 
(0.053) 

T3: 500 taka off from 1200 taka type 0.061 
(0.051) 

T4: 400 taka off from 1200 taka type 0.017 
(0.053) 

T5: 200 taka off from 1200 taka type 0.040 
(0.053) 

Constant 0.530 
(0.039) 

Observations 1,169 

R-squared 0.003 
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G Black-tiger shrimp farming decision and 2024 flood 

Table G1: Association between Decision to Farm Bagda and 2024 Flood (considering the 

farms that did not farm before Aug 21, 2024) 

Source: Authors’ calculations.  

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 

 

H Benjamini-Hochberg (BH) False Discovery Rate 

Table H1: Benjamini–Hochberg Adjusted P-values for Multiple Hypothesis Tests 

Variables 
(1) 

Farmed Black-tiger shrimp in 2024 = 1 

Shrimp farm was affected by the flood in August 2024 -0.090*** 
(0.030) 

The farmer is female -0.130*** 
(0.037) 

Years of schooling attended by the farmer 0.003 
(0.003) 

The sample pond is owned 0.009 
(0.026) 

Grew Bagda shrimp in 2023 0.082*** 
(0.028) 

Constant 0.063* 
(0.038) 

Observations 598 

R-squared 0.030 

Test ID Raw p-value BH-adjusted p-value Significant at 5% FDR? 

1 0.000 0.000 Yes 

2 0.000 0.000 Yes 

3 0.006 0.024 Yes 

4 0.006 0.024 Yes 

5 0.011 0.0264 Yes 

6 0.012 0.0264 Yes 

7 0.592 1.015 No 

8 0.734 1.101 No 

9 0.765 1.101 No 

10 0.830 1.101 No 

11 0.919 1.101 No 

12 0.945 1.101 No 
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I Two-Way Fixed Effects Estimates for 2022-2023 

To examine whether the use of mid-grade SPF-PL conferred measurable productivity benefits in the 

years prior to the 2024 voucher experiment, we estimate the following two-way fixed effects (TWFE) 

regression model:  

𝑌𝑖𝑡 = 𝛼 + 𝛽 ∙ 𝑆𝑃𝐹𝑃𝐿𝑖𝑡 + 𝑿′
𝑖𝑡𝜸 + 𝜁𝑖 + 𝛿𝑡 + 𝜃𝑠 + 𝜀𝑖𝑡 , 

where 𝑌𝑖𝑡  denotes the outcome of interest for farmer 𝑖 in year 𝑡 (mortality as a binary indicator, mortality 

rate in percent, or Bagda yield in kilograms). The key regressor, 𝑆𝑃𝐹𝑃𝐿𝑖𝑡, is an indicator for whether 

the farmer stocked mid-grade SPF-PL in that year. The vector 𝑿𝑖𝑡  includes time-varying controls such 

as aquaculture land size, gender, age, years of schooling, flood exposure, and sample type (cluster, 

adjacent, or same-village farmer). Farmer fixed effects (𝜁𝑖) account for time-invariant farmer character-

istics, year fixed effects (𝛿𝑡) capture aggregate temporal shocks, and robust standard errors are clus-

tered at the block level. 

Results presented in Table I1 show no statistically significant effect of mid-grade SPF-PL use on any 

of the three outcomes in 2022–2023. The point estimates are small and imprecisely estimated: 0.021 

for the mortality indicator, 2.576 for mortality rate, and 8.785 for yield, all with large standard errors. 

These results suggest that, prior to the 2024 discount voucher experiment, mid-grade SPF-PL adop-

tion did not yield detectable improvements in survival or productivity relative to conventional post-lar-

vae. This absence of measurable benefits provides important context for understanding farmer skepti-

cism and resistance to mid-grade SPF-PL in subsequent interventions.  

Table I1: Effect of SPF-PL Use on Mortality and Yield, 2022–2023 (TWFE Estimates) 

Source: Authors’ calculations.  

Note: Estimates from two-way fixed effects regressions with farmer and year fixed effects. Controls include aquaculture land, gender, age, 
years of education, flood exposure, and sample type. Robust standard errors clustered at the block level. *** p<0.01, ** p<0.05, * p<0.1.  

  

 (1) Mortality (1/0) (2) Mortality (%) (3) Yield (kg) 

SPF-PL Use 0.021 
(0.036) 

2.576 
(3.003) 

8.785 
(8.237) 

Observations 2,420 2,420 2,420 

R-squared 0.705 0.585 0.689 

Controls Yes Yes Yes 

Farmer FE Yes Yes Yes 

Year FE Yes Yes Yes 
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