
American Economic Journal: Applied Economics 2025, 17(1): 527–566 
https://doi.org/10.1257/app.20220072

527

Digital Information Provision and Behavior Change: 
Lessons from Six Experiments in East Africa†

By Raissa Fabregas, Michael Kremer, Matthew Lowes,  
Robert On, and Giulia Zane*

While some studies suggest mobile phone–based information pro-
grams change behavior; others find no effect. We evaluate six text mes-
sage agricultural extension programs, collectively covering 128,000 
farmers. A meta-analysis finds a 1.22-fold increase in the odds of 
adoption of recommended practices (95  percent CI: 1.16,  1.29). 
We cannot reject similar impacts across experiments. Impacts are 
increased by message repetition, but not by providing more granular 
information, using behavioral framings, or complementing texts with 
phone calls. There is little evidence of message fatigue or crowd-out. 
Despite modest absolute impacts detectable only with large samples 
or meta-analysis, texts are inexpensive enough to be cost-effective. 
(JEL D83, D91, L96, O13, Q12, Q16)

The widespread adoption of mobile phones in developing countries over the past 
few decades has opened up new avenues for governments and other organiza-

tions to disseminate information at scale in pursuit of their policy objectives. As a 
result, hundreds of digital initiatives have been deployed to address informational 
barriers and change individual behavior (GSMA 2020). While only a fraction of 
these initiatives have been evaluated, there is a growing literature assessing the 
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effectiveness of these programs across a range of sectors, from health (Hall et al. 
2014; Jamison, Karlan, and  Raffler 2013), education (Aker, Ksoll, and  Lybbert 
2012; Cunha et  al. 2017; Angrist, Bergman, and  Matsheng 2022) and finance 
(Karlan, Morten, and  Zinman 2015; Karlan et  al. 2016) to governance (Dustan, 
 Hernandez-Agramonte, and  Maldonado 2023; Buntaine et  al. 2018; Grossman, 
Humphreys, and  Sacramone-Lutz 2020) and agriculture (Aker, Ghosh, and Burrell 
2016; Fafchamps and Minten 2012; Cole and Fernando 2021).

The empirical evidence on the impacts of these programs on recipient behavior 
has been characterized as mixed (Aker, Ghosh, and Burrell 2016; Deichmann, Goyal, 
and Mishra 2016; Baumüller 2018; Grossman, Humphreys, and   Sacramone-Lutz 
2020; Steinhardt et al. 2019). If program effectiveness is very sensitive to the specific 
features of its design, the identity of the implementing organization, targeted recip-
ients, or the local context, it might be difficult to draw broader policy conclusions 
about whether to scale up or extend these interventions to a new setting (Pritchett 
and Sandefur 2015). However, the perception of mixed results could also stem from 
sampling variation (Meager 2019), as well as selection biases (Glewwe et al. 2004), 
varying levels of statistical power (Ioannidis, Stanley, and Doucouliagos 2017), dif-
ferences in measurement, or publication biases (DellaVigna and Linos 2022).

This paper examines the role of digital interventions on behavior change by 
presenting new experimental evidence on the impacts of six  text message–based 
agricultural extension programs on individuals’ decisions to acquire recommended 
inputs. Text messages are inexpensive and can reach basic phones without internet 
connectivity, making them a particularly attractive option for delivering information 
in  low-income countries where smartphones are not yet widely adopted. Despite 
this potential, texting might be too impersonal,  light-touch, or restrictive to mean-
ingfully convey information. Illiteracy, mistrust, or mistargeting might also limit the 
effectiveness of these types of programs (Aker 2017), especially when implemented 
at scale (Bird et al. 2019).

The programs examined in this study were implemented in Kenya and Rwanda 
by three different organizations: a public agency, a social enterprise, and a 
 research-oriented  nonprofit. All the programs shared the goal of increasing farmer 
experimentation with locally recommended agricultural inputs. Despite sharing 
similar objectives and using mobile phones to reach out to farmers, the programs 
varied in other dimensions, such as user recruitment strategies, message content and 
design, implementation seasons, and complimentary access to  in-person support. 
This  setup allows us to estimate impacts for each program individually and aggregate 
the results through a  meta-analysis. The  meta-analysis increases statistical power 
and enables formal testing of impact heterogeneity across studies. This configura-
tion also captures a common occurrence in program implementation: organizations 
with similar tools and objectives often design and adapt their programs differently 
based on their specific constraints, philosophies, and opportunities. When consid-
ering scalability, it is important to understand to what extent these implementation 
details are critical for effectiveness.

Two features of this study are worth highlighting. First, we present evidence 
of programs with substantial sample sizes. In total, over 128,000 individuals par-
ticipated across all six experiments. Results from  low-powered studies can be 
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 mistakenly interpreted as evidence of no effects if they fail to detect small impacts 
(Ioannidis, Stanley, and  Doucouliagos 2017; Dahal and  Fiala 2020; McKenzie 
and Woodruff 2014). This interpretation is particularly problematic for very cheap 
interventions, such as text messages, since the effect sizes required for these pro-
grams to be  cost-effective are usually very small. 1

Second, across all experiments, we use actual input acquisitions as our primary 
measure of behavior change. To track the input purchases of farmers affiliated with 
the social enterprise, we use the organization’s administrative data, as they were 
directly selling inputs to farmers. For projects targeting independent farmers, we rely 
on the redemption of input discount coupons by both treatment and control farmers 
in dozens of small agricultural shops in the region. Using data from real purchasing 
decisions mitigates the risk that any estimated effects are driven by social desirabil-
ity or courtesy bias in  self-reports, a common concern in the evaluation of infor-
mational programs (Baumüller 2018; Haaland, Roth, and  Wohlfart 2023). Using 
survey endline data for four programs, we can also compare  self-reports against the 
administrative records and investigate other outcomes such as increased knowledge, 
adoption of other recommended practices, as well as any potential  crowd-out in the 
use of  nonrecommended inputs.

Combining the effects of all six programs in a  meta-analysis using odds ratios 
(OR), a relative measure of effects that is less sensitive to variations in baseline 
input use probabilities, we find a small but statistically significant effect on fol-
lowing the recommendations (OR: 1.22, 95 percent CI 1.16 to 1.29, N = 6). The 
aggregate effect for following recommendations about a newly introduced technol-
ogy (agricultural lime) is 1.19 (95 percent CI 1.11 to 1.27, N = 6), whereas the 
effect for following recommendations for largely unused types of a  well-known 
technology (chemical fertilizers) is 1.27 (95  percent CI: 1.15 to 1.40, N = 4). 
With only six experiments, we cannot draw definitive conclusions about the extent 
of program heterogeneity. We do observe that some individual experiments had 
statistically significant impacts and others did not. However, we cannot reject the 
hypothesis that the effects were the same and that the observed differences may 
primarily stem from sampling variation.

 Reestimating the  meta-analysis using an absolute effect measure derived from 
linear probability models yields a statistically significant increase of 2 percentage 
points (95 percent CI 0.01 to 0.03, N = 6) on the probability of following the rec-
ommendations. Using this effect measure we reject the null hypothesis of homog-
enous treatment effects across programs. However, the variation in point estimates 
across different experiments is small, typically within a range of 1 or 2 percentage 
points. Together with analysis of heterogeneity in treatment effects using observed 
correlates in micro data, this observation aligns with the notion that true impact het-
erogeneity across experiments is limited, at least, beyond the variation that can be 
attributed to initial levels of input adoption.

1 In 2020, some services in Kenya charged less than $0.003 per text message. In India, it varied from $0.0004 
to $0.006, depending on the number of messages bought. From the point of view of carriers, the marginal costs of 
a text message are close to zero.
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Although the programs were primarily intended to deliver new information to 
farmers rather than just act as reminders or nudges, the effects seem to operate partly 
through behavioral channels rather than purely through learning. On the one hand, 
treated farmers were significantly more likely to correctly identify the purpose of the 
newly introduced input (OR: 1.53, 95 percent CI 1.38 to 1.70, N = 4). On the other 
hand, the effects on input purchases waned after one season, but  re-treatment helped 
sustain impacts. Moreover, we cannot reject that the impacts on input use were the 
same regardless of farmers’ baseline levels of knowledge about these technologies. 
A potential interpretation of these results is that  well-timed messages might be effec-
tive, partly because they affect how  top-of-mind a decision is (Bettinger et al. 2021; 
Karlan, Morten, and Zinman 2015; Karlan et al. 2016; Raifman et al. 2014).

Adding to the literature on behavior measurement (Chuang et  al. 2020; Karlan 
and Zinman 2012) and the work that has found discrepancies between  self-reported 
and actual behavior (Friedman, Woodman, and Chatterji 2015; Karlan and Zinman 
2008), we find larger effects on the use of the newly introduced input when estimated 
using survey data compared to administrative purchase data. We cannot definitively 
attribute these differences to misreporting, since farmers might have acquired inputs 
from different sources. However, within the context of one project for which we have 
more information, farmers for whom there was a mismatch in the survey and admin-
istrative data were less able to report the shop they had acquired the input from and 
more likely to report acquiring the input from sellers who had not stocked it during 
the same period.  This highlights the risk of relying on  self-reports to assess behavior 
change, even when the reported behavior is not particularly sensitive, and points to the 
importance of collecting objective data. Further, it is difficult to predict the direction 
of these inconsistencies; the discrepancy affects some but not all experiments, and we 
do not find significant differences in estimated impacts for fertilizers.

Finally, we use individual project experimental variation to draw additional les-
sons about the importance of different programmatic features. We cannot reject the 
hypothesis that messages crafted using behavioral insights (e.g., sense of urgency, 
 self-efficacy, social comparisons, etc.) were no more effective than basic messages. 
We also do not detect additional gains from sending messages with more detailed 
information, such as highlighting that the recommendations were based on local 
soil data. The lack of additional impacts resulting from providing more granular 
information aligns with experimental findings from other contexts (Beg, Islam, 
and Rahman 2024; Corral et al. 2020).

To test whether  person-to-person communication could strengthen the effects, 
one experiment complemented the text messages by randomizing a phone call from 
a field officer. We find no additional effects from this  add-on. Message repetition, 
however, was modestly effective at increasing purchases. We also estimate spill-
overs for the programs that targeted users who belonged to farmer groups, and find 
some suggestive evidence of positive externalities.

Without data on yields, we cannot draw firm conclusions on the effects on farmers’ 
profits.2 However, using agronomic estimates of the impacts of the recommended 

2 Measuring impacts on downstream outcomes, such as yields and profits, can be complex especially if the 
effect sizes that would make these programs  cost-effective are very small.  Self-reported yields are noisy (Lobell 



VOL. 17 NO. 1 531FABREGAS ET AL.: DIGITAL INFORMATION PROVISION AND BEHAVIOR CHANGE

inputs on maize yields, we provide  back-of-the-envelope calculations of the  potential 
benefits of sending these messages. Our estimates suggest that the  benefit-cost ratio 
for a similar program is about 46:1 if operated at a sufficiently large scale such that 
the  per-farmer fixed costs become negligible. Text messages can also compare favor-
ably to more intensive, but also more expensive, programs such as  in-person farmer 
events.

This paper adds to the recent literature that finds modest but positive effects 
of  low-touch interventions on behavior change (Benartzi et al. 2017; Oreopoulos 
and Petronijevic 2019; DellaVigna and Linos 2022). In our case, the focus is on 
digital informational interventions in  low-income contexts. Our results also speak to 
the literature concerned with the use of experimental evidence for policy  scale-up, 
where heterogeneity in treatment effects has been used as a measure of external 
validity (Pritchett and  Sandefur 2015; Allcott 2015; Meager 2019; Vivalt 2020). 
We find little evidence to support the notion that true program impacts are highly 
heterogeneous, and we suggest caution in qualitatively interpreting differences in 
statistical significance across studies because these differences could be driven by 
sampling variation and studies underpowered to detect small effects.

Finally, we complement expert qualitative summaries on digital interventions for 
development (Aker 2017; Aker, Ghosh, and Burrell 2016) and the handful of exper-
imental studies assessing the impacts of digital agricultural extension systems. A 
 text-based program for Ecuadorian farmers increased knowledge and  self-reported 
adoption of integrated soil management practices (Larochelle et al. 2019). Text mes-
sages sent by an agribusiness to sugar cane farmers in Kenya had positive yield 
impacts in one trial but no statistically significant effects in a second trial (Casaburi 
et al. 2014). Fafchamps and Minten (2012) report null effects from a  text-based pro-
gram with weather, price, and advisory content in India. A  voice-based service, tar-
geted at cotton farmers in India, increased the reported use of recommended seeds 
(Cole and Fernando 2021). This paper expands what is known empirically about 
 text-based agricultural extension programs, addressing some methodological lim-
itations in existing work.3

This paper is organized as follows: Section  I presents the context and design 
of each program and their evaluations. Section  II discusses the empirical strat-
egy. Section  III presents the main results, and Section  IV discusses some of the 
additional lessons that we can be drawn from individual experiments. We present 
 cost-effectiveness estimates in Section V and conclude in Section VI.

et al. 2020), and objective measures such as physically harvesting a section of a farmer’s plot can be prohibitively 
expensive to gather at the required sample sizes. The stochastic nature of rainfall and other features can further 
complicate this (Rosenzweig and Udry 2020).

3 A few additional literatures are worth mentioning. First, research on the broader effects of mobile phone access 
on market performance and productivity (Jensen 2007; Gupta, Ponticelli, and Tesei 2020; Aker and Mbiti 2010; 
Aker and Fafchamps 2015). Second, studies on the effects of providing crop prices through phones (Camacho 
and Conover 2019; Mitra et al. 2018; Nakasone, Torero, and Minten 2014; Courtois and Subervie 2015; Svensson 
and Yanagizawa 2009). Finally, delivering information via video, tablets, or smartphone apps, have also been shown 
to have positive effects on farmers’ beliefs and behaviors (Tjernström et al. 2021; Van Campenhout, Spielman, 
and Lecoutere 2021; Arouna et al. 2021). However, until smartphone penetration increases, such approaches might 
be difficult to scale.
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I. Context, Programs, and Experimental Design

A. Context

The programs targeted maize smallholder farmers in Rwanda and Kenya between 
2015 and 2019 (see online Appendix Figure A1 for a map).4 In both countries, maize 
is farmed twice a year. In Kenya, the long rains season (the primary agricultural sea-
son), runs from March to August, and the short rains season (the secondary season), 
from September to December. The main season in Rwanda is from September to 
January, and the secondary season from March to August.

In these areas, maize is a staple food and traded commodity, and increasing 
smallholder productivity is an important policy objective to improve food security 
and reduce poverty. However, smallholder yields have remained low, partly due to 
soil degradation, soil acidity, and the low adoption of  productivity-enhancing tech-
nologies (FAO 2015).

High soil acidity can dramatically reduce crop yields by limiting nutrient avail-
ability to plants (The et al. 2006; Tisdale, Nelson, and Beaton 1990; Brady and Weil 
2004). Soil pH is considered optimal for crop growth at around 6.0–7.0. Soil pH is 
considered strongly acidic when under 5.5, and this pH level is a standard threshold 
under which the soil is deemed unsuitable for maize growth (Cranados, Pandey, 
and  Ceballos 1993; Kanyanjua et  al. 2002). The application of agricultural lime 
is one of the cheapest and most widely recommended methods to increase pH. 
Multiple public agencies and NGOs in Africa recommend the use of lime on acidic 
soils, and experimental plots conducted in Kenya suggest that lime application can 
increase maize yields by 5–75 percent depending on the area, soil characteristics 
and rate applied (Kisinyo et al. 2015; Gudu et al. 2005; 1AF 2014). Yet agricultural 
lime is not a widely known or used input. In Kenya, only 7 percent to 12 percent of 
farmers in our samples reported having ever used it at baseline, and in Rwanda, only 
6 percent had purchased it during the previous season.

Chemical fertilizers are more widely used, but most farmers in the sample areas 
have only used a specific  phosphate-based fertilizer, diammonium phosphate (DAP), 
applied at planting time. Few farmers regularly experiment with other options, 
such as  top-dressing fertilizers like calcium ammonium nitrate (CAN) and urea, 
which are applied to the plant once it has started to mature.5 Fertilizers, particu-
larly  top-dressing ones, can be profitable (Duflo, Kremer, and Robinson 2008; Kelly 
and Murekezi 2000) and current national and international recommendations have 
started to encourage farmers to use fertilizers that best fit their soil and local condi-
tions (KSHC 2014; NAAIAP 2014). Therefore, several organizations aim to inform 
farmers about different fertilizer options to encourage experimentation.

4 The adult literacy rate in Kenya is 82  percent and in Rwanda is 73  percent (UNESCO 2022). Estimates 
of mobile phone penetration in 2017 were 87 percent for Kenya and 48 percent in Rwanda, though significant 
 urban-rural gaps exist (Gillwald and Mothobi 2019).

5 In Kenya, over 80 percent of farmers in our sample reported using planting fertilizers in the previous seasons. 
This proportion is higher than that reported in other contexts in the region (Sheahan and Barrett 2017). Indeed, 
input use in Kenya is also much higher than in neighboring countries. In 2019, the FAO estimated that Kenya’s 
average nitrogen fertilizer use was 22 kg, which is similar to that of Ethiopia (23 kg) but higher than that of Uganda  
(1.2 kg) or Rwanda (7 kg).
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One potential reason for the low uptake and experimentation with locally suitable 
technologies is that many smallholders lack reliable access to  science-based agricul-
tural advice. Access to extension services is rare for farmers not engaged in agricultural 
programs promoted by NGOs or other organizations. Acquiring information about 
locally relevant inputs is not trivial, even if farmers find this advice valuable (Fabregas 
et al. 2020b). For instance, there might be significant frictions in information sharing 
among peers (Chandrasekhar et al. 2022), and learning through  self-directed experi-
mentation can be difficult if farmers do not know over what dimensions to experiment 
(Hanna, Mullainathan, and Schwartzstein 2014) or if they misperceive their soil char-
acteristics (Berazneva et al. 2016). Moreover, potential heterogeneity in soil charac-
teristics and the profitability of inputs (Marenya and Barrett 2009; Suri 2011) makes it 
difficult to rely on national or  regional-level blanket recommendations.

Knowledge gaps are apparent in the data. For example, in our initial evaluation 
in Kenya, at baseline, 22 percent of farmers were unsure if soil acidity was an issue, 
while 40 percent considered it a significant problem for their soil. Among those 
who considered it a significant problem, 67 percent were unaware of any methods 
to address it, and only 4 percent were familiar with agricultural lime as a potential 
solution. Combining all samples for which we have data on farmers’ knowledge, we 
estimate that only 32 percent of untreated farmers were able to recognize lime as a 
potential solution to high soil acidity.

B. Partner Organizations, Programs, and Randomization

This section summarizes the characteristics of the implementing organizations, 
their programs, and features of each evaluation (Fabregas et al. 2020a).6 The com-
mon treatment across all programs was information provision about agricultural 
lime. Four programs also sent information about locally recommended chemical 
fertilizers. Table 1 summarizes the programs, and Table 2 describes the characteris-
tics of each experiment. Details about each program and evaluation are discussed in 
online Appendix J.

KALRO.—The Kenya Agriculture and Livestock Research Organization (KALRO) 
is a  semi-autonomous public agency with the mandate to promote agricultural research 
and dissemination. KALRO’s  text message program was developed in partnership 
with the Ministry of Agriculture and was envisioned as a  low-cost way to reach farm-
ers. In total 21 messages were sent throughout the 2015 short rains season, including 
two messages pertaining to lime and three messages focused on fertilizers.

Participating farmers were recruited by field agents who went  door-to-door in 
KALRO’s catchment areas. Among visited farmers, 95 percent met the inclusion cri-
teria for the study (i.e., phone owner, responsible for farming, growing maize during 
the previous season) and were invited to complete a baseline survey. Farmers were 
then randomized at the individual level into a treatment or a control arm.7 All invited 

6 We define an “implementing organization” as the primary organization designing the programs and crafting 
and delivering the messages. Each implementing organization faced its own constraints, goals, and directives. IPA 
and  PxD-affiliated researchers were involved in evaluating all six programs.

7 A second treatment arm, testing  in-person farmer field days, was also evaluated as part of this project. The 
results are described in Fabregas, Kremer, and Schilbach (2023).
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Table 1—Program Characteristics

KALRO IPA/PxD1-K IPA/PxD2-K
(1) (2) (3)

Org. KALRO IPA/PxD IPA/PxD
Org. type Public NGOs NGOs
Location Kakamega and Siaya (Kenya) Busia and Kakamega (Kenya) Busia, Bungoma, Kakamega,  

 and Siaya (Kenya)
Agricultural season SR 2015 SR 2016/LR 2017 LR 2017
Recruitment Farmers drawn from village  

 census survey
Former NGO and contract  
 farming participants

Clients of agrodealers

Eligibility Farmed during past year,  
 in charge of farming

Planted maize in prior season,  
 reside in program area

Clients of agrodealers

Message content Lime, fertilizer, seeds,  
 field management

Lime, fertilizer,  
 field management

Lime and fertilizer

Number of messages 21 total (2 acidity/lime;  
 3 fertilizer)

 24–28 total ( 7–9 acidity/lime; 
 4–9 fertilizer)

13 total (6 acidity/lime;  
 4 fertilizer)

Timing Throughout season Throughout season Before planting and  
 topdressing

Lime recommended? All (if acidic) 0.82 0.77
Key fertilizers recommended DAP, NPK, CAN, Mavuno Urea Urea
Used local soil data? No Yes Yes
Additional services? No No  Phone-call
Any message repetition No Yes Yes
 Opt-in 1 0.95 0.95
Previous lime useb 0.07 0.12 0.09
Previous season fert. use  
 (any/recommended)b

0.84/0.84 0.93/0.18 0.88/0.19

Femaleb 0.65 0.37 0.34
Primary schoolb 0.53 0.63 0.71

 1AF1-K  1AF2-K  1AF3-R
(4) (5) (6)

Org. 1AF 1AF 1AF
Org. Type Social Enterprise Social Enterprise Social Enterprise
Location Busia and Kakamega (Kenya) Bungoma, Busia, Kakamega,  

 and Vihiga (Kenya)
Western, Eastern, Southern  
 (Rwanda)

Agricultural season LR 2017/LR 2018 LR 2018 Main season 2018/2019
Recruitment 1AF clients in LR 2016 1AF clients in LR 2017 1AF clients in 2017
Eligibility 1AF clients in LR 2016 1AF clients in LR 2017 1AF clients in 2017
Message content Lime Lime and fertilizer Lime
Number of messages 6 total (6 acidity/lime;  

 0 fertilizer)
 1–10 total ( 1–5 acidity/lime; 
 1–5 fertilizer)

 1–4 total ( 1–4 acidity/lime; 0 
fertilizer)

Timing Before input choice Before input choices Before input choice
Lime recommended? All All All
Key fertilizers recommended – CAN –
Used local soil data? Yes Yes Yes
Additional services? 1AF Services and call-center 1AF Services and call-center 1AF Services and call-center
Any message repetition Yes Yes Yes
 Opt-in – – –
Previous lime useb – – 0.06
Previous season fert. use  
 (any/recommended)b

0.95/– 0.93/0.15 0.95/–

Femaleb 0.65 0.69 –
Primary schoolb – – –

Notes: SR denotes Short Rains Season and LR Long Rains Season. b denotes data for the control group at baseline. 
– denotes that data is unavailable. “Lime recommended” indicates whether all farmers received messages recom-
mending positive amounts of lime or the fraction that did. “Key fertilizer recommended” denotes whether fertil-
izer messages were sent, and if yes, the types of fertilizer recommended.  “Opt-in” indicates the fraction of farmers 
who, when invited, agreed to receive texts. “Previous season fert. use (any/recommended)”, for KALRO and IPA/
PxD refers to whether farmers report using any chemical fertilizer (any) and the fraction that used they key fer-
tilizer programs recommended  during the previous LR season.  For 1AF “any” refers to farmers that reported to 
1AF planting maize (the standard package includes fertilizers) and “recommended” refers to the fraction that pur-
chased extra CAN from 1AF during previous LR season. Baseline data refers to the following LR or main seasons: 
2014 (KALRO), 2015 (IPA/PXD1-K), 2016 (IPA/PXD2-K), 2016 (1AF1-K),  2017 (1AF2-K),  2017 (1AF3-K). A 
requirement across all programs was to have access to a mobile phone.
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Table 2—Research Design

KALRO IPA/PxD1-K IPA/PxD2-K
(1) (2) (3)

Unit of randomization Individual Individual Individual

Sample size 773 1,897 5,890

Treatment arms (#) 1 2 3

Treatment arms 1. SMS 1. General SMS, 
2.  Specific SMS: sent 

additional information 
about local acidity 
level, input prices and 
quantities.

1. SMS only, 
2.  SMS + Call: also received 

call by field officer, 
3.  SMS + Call offer: also 

offered to receive phone 
call.

Second season text No Yes, maintain treatment  
 status

No

Admin. outcome Coupon (paper), LR 2016 Coupon (digital),  
 SR 2016 and LR 2017

Coupon (digital), LR 2017

Coupon value 50 percent discount lime,  
  50 percent discount td 

fertilizer

Choice 10 Kg lime or  
  soap (first season); 

15 percent discount 
lime (second season); 
30 percent discount 
CAN or urea

15 percent discount lime;  
  15 percent discount 

fertilizer

Baseline survey Yes Yes (phone) Yes (phone)
Endline survey Yes, SR 2015 Yes (phone), LR 2017 Yes (phone),  

 LR 2017/SR 2017

 1AF1-K  1AF2-K  1AF3-R
(4) (5) (6)

Unit of randomization Individual Individual Cluster (farmer group)
Sample size 4,884 32,572 82,873 (17,850 groups)
Treatment arms (#) 2 2+ 2+
Treatment arms 1. Broad SMS,  

2.  Detailed SMS:  
additional info on 
degree of soil acidity, 
lime quantity, cost, 
and predicted yield 
increase.

1. Lime only, 
2.  Lime + CAN: 

additional messag-
es encouraging to 
buy extra CAN. 
 Cross-randomized: 
message framing and 
repetitions.

1.  Full treatment: all farmers 
in a group got SMS. 

2.  Partial treatment: half 
farmers in group got SMS. 
 Cross-randomized:  
message framing and 
repetitions.

Second season text Yes,  rerandomized Yes, all receive Yes,  rerandomized

Admin. outcome 1AF admin, LR2017  
 and LR2018

1AF admin, LR2018  
 and LR2019

1AF admin, 2018 and 2019

Coupon value – – –

Baseline survey No No No

Endline survey Yes (phone), LR 2017 No No

Notes: All experiments included a control group in addition to the treatment arms. SR and LR denote the short and 
the long rains agricultural seasons in Kenya, respectively. Topdressing is denoted as td. Treatment arms (#) denotes 
the number of treatment arms, and for 1AF “+” indicates that there were  cross-randomizations in these samples 
both for the number of messages ( 1–5) and for framing.
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farmers opted into the program. The baseline sample consisted of 832 farmers, of 
whom 733 completed an endline survey. From these, about  two-thirds were females, 
and before treatments started, only 7  percent reported ever using lime, whereas 
84 percent had used chemical fertilizers during the previous season (Table 1 and 
online Appendix Table C1).

IPA and PxD.—Innovations for Poverty Action (IPA) is a research and policy 
organization, and Precision Development (PxD) is a  nonprofit organization support-
ing the provision of  phone-based information services. We discuss the evaluation of 
two  text message programs, IPA/PxD1-K and IPA/PxD2-K, implemented in Kenya 
through a partnership between these two organizations.

The IPA/PxD projects prioritized providing farmers with actionable advice. 
Recognizing that few smallholder farmers could afford conducting individual soil 
tests on their farms to assess their soil acidity, the programs used information from 
 area-level soil tests to generate recommendations (online Appendix K describes soil 
data sources and how recommendations were built). Based on these soil samples, 
82 percent of the IPA/PxD1-K sample and 77 percent of the IPA/PxD2-K sample 
were recommended to experiment with lime  microdosing in a small area of their 
land.8

IPA/PxD1-K:  The first program was implemented during the 2016 short rains sea-
son. Participants were identified using existing regional farmer databases. A sample 
of 1,897 farmers completed a  phone-based baseline survey and were later randomized 
into two treatment arms or a control arm. Farmers in the first treatment arm (General 
SMS) received messages that mentioned the purpose of lime and recommended using 
fertilizers, but did not reference any soil test data. The messages received by farmers 
in the second arm (Specific SMS) referred to the  area-level soil data and contained 
more precise details, such as additional guidance on recommended input quantities. 
Among those randomized into the treatment groups, 95 percent agreed to receive the 
messages. Depending on the intervention arm, between 24 and 28 messages were sent. 
Of these, 7 to 9 messages dealt with soil acidity and lime, 4 to 9 were about fertilizers, 
and the rest covered topics related to other agricultural practices. During the following 
agricultural season, the 2017 long rains, both treatment arms received five identical 
messages promoting the use of agricultural lime (in areas where lime was recom-
mended). The control group remained untreated.

The sample for this experiment was 37 percent female. At baseline, only 18  percent 
had used one of the key recommended fertilizers in the previous season, and approxi-
mately 12 percent had ever used lime (Table 1 and online Appendix Table C2).

IPA/PxD2-K: A second program was implemented during the 2017 long rains 
season, targeting a different sample of farmers and reaching two additional areas. 

8 Agricultural lime is cheap but bulky. Farmers often find it challenging to transport and store it in sufficient 
quantities for widespread application. As a solution, farmers in the IPA/PxD programs were advised to opt for 
 microdosing, targeting the base of the plants. This approach entails a lower dosage but requires  reapplication each 
season. In experimental plots, lime  microdosing increased yields by up to 14 percent (1AF 2014). 
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This program sent 13 messages solely focused on lime and fertilizers. Messages 
were sent right before the time for planting or  top-dressing. Farmer recruitment was 
done via agricultural supply dealers (agrodealers), who invited existing clients to 
register to participate.9

Once registered by the agrodealer, farmers completed a brief phone baseline sur-
vey. They were then randomly assigned to one of three treatment arms or a control 
group. The first arm only received text messages (SMS only). The other two arms 
were designed to investigate whether  real-time communication with a person could 
strengthen the texts. In the second arm (SMS + Call), farmers received a phone call 
from a field officer, and in the third arm (SMS + Call Offer) farmers could request 
to receive a call. The final sample consisted of 5,890 farmers, of whom 34 percent 
were female, 9 percent had used lime in the past, and 19 percent had used the key 
recommended fertilizer (Table 1 and online Appendix Table C3).

1AF.—One Acre Fund (1AF) is a social enterprise operating across six countries 
in Eastern and Southern Africa. 1AF’s model relies on training farmers in modern 
agricultural techniques and providing them with inputs on credit early in the season, 
which they later repay. 1AF clients form groups of eight to eleven farmers and are 
supported by 1AF staff.

One of 1AF’s products is agricultural lime. However, demand for lime was rel-
atively low across their operating locations. Hypothesizing that this could reflect a 
lack of awareness, 1AF implemented two  text message programs in Kenya and one 
in Rwanda to encourage lime use ( 1AF1-K,  1AF2-K, and  1AF3-R).10 Messages 
were sent before the 1AF “enrollment season,” that is, the period in which farmers 
register for the 1AF input program and place orders. To build  area-level acidity rec-
ommendations, 1AF used its own soil data (see online Appendix K).

1AF1-K:  1AF’s first  text message intervention was implemented in western 
Kenya during the 2017 long rains season. Participants were randomly selected from 
lists of previous 1AF clients in Busia and Kakamega counties. The program sent 
six messages about lime. Farmers were randomized into either of two treatment 
arms or a control. The first arm sent simple text messages alerting the recipients 
about soil acidity and encouraging them to use lime (Broad SMS). A second group 
received more detailed messages mentioning the predicted level of acidity in the 
area, the amount of lime recommended and the expected returns to its application 
(Detailed SMS). A sample of 4,884 farmers participated in the experiment.

During the following long rains season, participants were  rerandomized into treat-
ment and control. The treatment group received messages promoting lime  adoption. 

9 This method offered several advantages. First, it was a  low-cost and quick method to recruit farmers. Second, 
farmers who are clients of agrodealers are already more likely to acquire inputs, and therefore might be able to 
benefit more from informational programs.

10 Relative to farmers in other samples who rarely had contact with extension officers, 1AF farmers receive 
intensive agricultural extension training. One goal of using a digital approach, however, was to devise a cheap way 
to convey new information that did not require additional training and delivery by 1AF field officers, who already 
followed lengthy farmer training protocols. In addition, all of their  text message programs offered a hotline to 
treated farmers. Farmers could call if they had more questions about lime.  Take-up of this hotline was extremely 
low, with less than 1 percent of farmers using this service.
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In total 2,931 farmers were  rerandomized into receiving messages, allowing us 
to compare outcomes between three groups: farmers who were never assigned to 
receive messages, farmers who received messages during two consecutive seasons, 
and farmers who were only treated in the first season.

 1AF2-K:  The second program took place in Bungoma, Busia, Kakamega, 
and Vihiga counties during the 2018 long rains season, engaging 32,572 farm-
ers recruited from previous 1AF client listings. Farmers were randomized at 
the individual level into a control group, a Lime only treatment group receiving 
 lime-related messages or a Lime + CAN treatment group assigned to receive 
information on both lime and CAN fertilizer. The larger sample size allowed 
for  cross-randomizing message content or framing (basic, highlighting yield 
increases, encouraging experimentation, making social comparisons, and promot-
ing  self-efficacy) and repetitions (one to five messages). The message framing 
was also  cross-randomized to address the whole family instead of the individual. 
In the following season, all farmers, including the control group, received lime 
messages, effectively ending the lime experiment but allowing us to study effect 
persistence on CAN fertilizer use.

 1AF3-R:  The third program launched across Rwanda in 2018 and only sent 
 lime-related texts. To identify spillover effects, the experiment was designed as a 
 two-staged randomized experiment. 1AF farmer groups were randomly assigned 
into three arms: a full control arm (Full Control ), where no farmers within a group 
received messages; a fully treated arm (Full Treatment), where all farmers with 
phones received messages; and the partially treated arm (Partial Treatment), where 
farmers with phones were further randomized into either receiving messages or 
remaining as controls. This design allows studying the extent of spillovers by com-
paring the outcomes of untargeted farmers in partially treated groups against those 
of farmers in the full control group. Additionally, we can estimate spillovers on 
individuals who do not own mobile phones by comparing  non–phone owners in the 
treatment and the full control group.

The sample included 20,944 farmer groups, comprising 202,972 farmers. To 
study the direct effects of the program, we focus on the sample of 82,873 farmers 
who, at baseline, had phones and were not assigned to the control condition in the 
partially treated groups.

Content and repetition were also randomized among treated farmers. The content 
variations included a simple general message, as well as messages that highlighted 
yield impacts, encouraged  self-diagnosis, referred to the use of soil tests, explained 
how lime works, encouraged farmers to order immediately, and highlighted soil 
acidity and yield impacts. The messages were further  cross-randomized to be framed 
in terms of yield losses or gains.

The following season, farmer groups were  rerandomized into treatment or con-
trol, with participation limited to those farmers who had enrolled in 1AF’s 2018 
input program. Farmers in treated groups were randomly assigned to receive or not 
receive messages. This introduced random variation to study effect persistence, and 
the impacts for those who were treated over two consecutive seasons.
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C. Considering Heterogeneity in Lime Requirements

Mobile phones, unlike other mass distribution channels like radio or televi-
sion, allow for personalized communication. This proved important in delivering 
information about agricultural lime, which is only recommended for acidic soils.  
IPA/PxD and 1AF capitalized on this by sending messages based on  area-level soil 
pH information rather than providing blanket recommendations at the district or 
province level. The goal was to improve upon the prevailing situation, where farm-
ers get no guidance or overly generic recommendations.

While the aim was to offer targeted information, the actual benefits of using lime 
depend on the specific soil conditions of each farm. For instance, certain farmers in 
regions classified as acidic might have been advised to experiment with lime, despite 
their individual plots not requiring it. Each organization recognized this issue and 
thus urged farmers to experiment or seek more information before making substan-
tial lime investments. IPA/PxD recommended farmers to initially experiment on a 
small area of their farm. KALRO advised individual soil testing before lime appli-
cation. Meanwhile, 1AF used its extensive  on-the-ground extension network to offer 
additional assistance as needed.

However, to better understand the extent of heterogeneity in soil acidity within 
the treated areas, we analyze data from over 9,000 soil tests conducted in the areas 
of study. To the extent that the farms where these soil tests were conducted are rep-
resentative of the land of participating farmers, we can roughly estimate the propor-
tion of farmers likely to benefit from lime. A naive estimate of this share suggests 
that within areas where lime was recommended, 90 percent of soil tests were below 
a pH of 6.0, 68 percent were below a pH of 5.5, and almost all were below a pH of 7 
(online Appendix Table K1, columns 2–4). Yet soil testing is prone to many sources 
of error. For instance, we found that the  test-retest correlation of pH was 0.7 in a 
subset of soil samples blindly tested twice by the same soil laboratory (Fabregas et 
al. 2020b). Adjusting our estimates for this type of measurement error, we predict 
that over 96 percent of soil samples in the areas where experimentation with lime 
was recommended fell below the pH threshold of 6 (see online Appendix K for 
details).

In practice, using data from 1AF’s lime experimental plots with corresponding 
soil tests, we find no significant difference in lime’s impact on maize yields between 
farms with soil pH below or above 5.5 (online Appendix Figure K2). This also sug-
gests that using strict soil acidity thresholds based on a single soil test for a land plot 
might be too restrictive.

We also assess the differential costs treated farmers might incur when using lime. 
The risk of overliming and creating soil alkalinity was minimal at the recommended 
quantities (see online Appendix K). Thus, the main costs would have been related 
to the time and money spent on acquiring and applying the input. Fortunately, lime 
is very cheap. We calculate the extra expenditure on lime between treatment and 
control farmers to be under a dollar, even conditioning on purchasing a positive 
amount of lime. Therefore, the incurred costs seem reasonable in relation to the 
learning value regarding lime’s impact, especially considering the relatively high 
cost of individual soil tests ($ 15–20).
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D. Data

Baseline Data.—For the KALRO sample, an  in-person baseline survey was con-
ducted before randomization, while  phone-based baseline surveys were completed 
with farmers in the IPA/PxD1-K and IPA/PxD2-K programs. These surveys col-
lected data on demographics, previous agricultural practices, and input use. For the 
1AF projects, we rely on client administrative data from previous seasons, detailing 
gender and historical input purchases from 1AF.

Endline Data.—Survey data were collected for the KALRO, IPA/PxD1-K,  
IPA/PxD2-K, and  1AF1-K programs. Additionally, there is at least one admin-
istrative measure of real input acquisitions for each program. For KALRO and  
IPA/PxD, we use data from discount coupons that treatment and control farmers 
could redeem at local agrodealers. The coupons were devised as a way to observe 
real input choices while minimizing experimenter demand effects. While any dis-
counts should have affected treatment and control group farmers in similar ways, 
this approach means that we observe demand at prices that would not have existed 
in the absence of these programs. For the 1AF projects, we measure input choices 
through the input orders placed with 1AF.11

KALRO: After the 2015 short rains season, farmers participated in an  in-person 
endline survey, which contained knowledge and input use questions. During this 
visit, treatment and control group farmers received two paper coupons redeem-
able at selected agrodealers in their nearest market center. The first coupon offered 
a 50  percent discount on agricultural lime, and the second coupon offered a  
50 percent discount on the farmer’s choice of chemical fertilizer (CAN, DAP, NPK, 
or mavuno). Each coupon had a unique ID to trace redemption back to the respon-
dent. Agrodealers were instructed to retain the coupons and record farmers’ input 
purchases. For this sample, the survey questions measure input use concurrent with 
the program implementation, whereas the coupons measure input purchases corre-
sponding to the subsequent agricultural season.

IPA/PxD: All treatment and control farmers in the IPA/PxD programs received 
input discount coupons via text early in the season. For the IPA/PxD1-K sample, 
both lime and fertilizer coupons were sent during the 2016 short rains. The lime cou-
pon allowed farmers to opt for either 10 kg of lime or a bar of soap, the goal being to 
reveal farmers’ true preferences without liquidity constraints. The fertilizer coupon 
offered a 30  percent discount on selected  top-dressing fertilizers (mavuno, urea, 
or CAN). In the following season, the 2017 long rains, all farmers received digital 
lime coupons for a 15 percent discount. In total, 32 agrodealers in 25 distinct market 
centers participated in coupon redemption for this sample. A phone endline survey 

11 Given that the program contexts we investigate contained such diverse characteristics—which ranged from the 
extent of farmers’ liquidity constraints and  area-level cellphone signal strength, to local maize prices and regional 
availability of agrodealers—we take the heterogeneity in input prices simply as an additional source of variation.
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was also conducted during the 2017 long rains. The  survey included questions about 
input use during the 2016 short rains and 2017 long rains.

Farmers in the IPA/PxD2-K sample received two digital coupons, one for a 
15  percent discount on lime and another one for a discount on the  top-dressing 
fertilizer of their choice. Coupons were distributed during the 2017 long rains. The 
program collaborated with 102 agrodealers across 46 market centers to facilitate 
redemption. A phone endline was also completed with this sample, carried out in 
two randomly assigned phases.  One-third of farmers were contacted at the end of 
the 2017 long rains, while the remaining were reached during the subsequent short 
rains. The latter group answered questions about their input use in both seasons.

1AF: Outcomes for all 1AF programs were measured through the input orders 
placed with the organization. However, the  text message interventions took place 
before the period when farmers could join 1AF’s input program for that season. 
Across 1AF interventions, between 60 to 76 percent of farmers who received text 
messages later enrolled to acquire inputs from 1AF. While we do not find any evi-
dence of differential 1AF input program enrollment by treatment status (online 
Appendix Table C7, panels  D–F, columns 3 and 8), we take a conservative approach 
and define our outcome variable as lime purchased through 1AF, without condition-
ing on whether farmers were enrolled in the 1AF program at the time of the exper-
iment.12 Additionally, a  phone-based survey was conducted towards the end of the 
2017 long rains, involving a random subsample of approximately 30 percent of the 
 1AF1-K farmers.

II. Empirical Strategy

A. Estimating Individual Program Impacts

Our primary outcomes are followed lime and followed fertilizer recommenda-
tions. The indicator variable followed lime takes the value one for farmers in the 
treatment and control groups if the farmer used lime and lime was recommended (or 
would have been recommended) or if the farmer did not use lime and lime was not 
recommended (or would not have been recommended).13 followed fertilizer takes 
the value of one if farmers purchased at least one of the key recommended fertilizers 
for which administrative data is available and set to zero otherwise (key recom-
mended fertilizers are listed in Table 1). For programs for which we have access 
to survey data, we can also measure changes in agricultural knowledge and use of 
other inputs.

12 This will tend to underestimate impacts since farmers who did not enroll in the 1AF input program would not 
have been able to buy inputs from the organization. We show effects conditioning on enrollment in online Appendix 
Table D2, columns 5, 6, 11, and 12. We also look for any differential 1AF enrollment by treatment status over a 
second season (for the sample from which persistence effects are estimated) and, again, do not find statistically 
significant differences (online Appendix Table C7, panels D and F, columns 5 and 10).

13 The 1AF programs recommended positive amounts of lime to all farmers. KALRO recommended farmers 
to test their soil and use lime if their soil was acidic. Since the program took place in an acidic region, we assume 
purchasing lime is equivalent to following lime recommendations for this sample.
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We estimate  intention-to-treat (ITT) effects.14 The general equation we estimate 
for each program is

(1)   y  i   = α + β  Treatment  i   +  γ k   +  ϵ i  , 

where   y  i    is the outcome measure for farmer  i .   Treatment  i    denotes a dummy vari-
able indicating treatment,   γ k    is a vector of randomization strata fixed effects (if 
used in the specific experiment), and   ϵ i    is the error term. Since some experiments 
tested several treatment arms and message variants, our main results show estimates 
pooling all treatment arms together to increase power and simplify the analysis and 
discussion. However, we provide tables with results for each treatment arm in online 
Appendix F and discuss lessons from these experimental variations in Section IV.

For binary outcomes, we estimate linear probability models and  nonlinear ana-
logs to equation 1 using a logistic regression model and report results in terms of 
odds ratios. This modeling choice reflects a concern to select an appropriate sum-
mary measure for a metanalysis, as discussed further below.

Our main specifications only control for the strata used in each randomization, 
as applicable. In the case of survey data, we also include  enumerator-fixed effects. 
As a robustness check, the online Appendix shows results where we incorporate 
controls for other farmer demographic characteristics, baseline farming practices (as 
available), and  location-fixed effects. Online Appendix B contains a list of strata and 
other controls used for each project.

For randomizations at the individual level, we do not cluster standard errors. For 
the  1AF3-R experiment, error terms are clustered at the farmer group level.

Validity of the Experimental Designs.—Online Appendix Tables  C1–C6 show 
baseline characteristics by treatment status together with tests of equality of means 
across treatment arms for each program. Treatment and control arms are balanced 
along most characteristics. While some differences are statistically significant, 
 F-tests of joint orthogonality for baseline variables that use specifications that 
include stratification variables fail to reject the null that coefficients are jointly zero 
in each experiment.15

Endline survey completion rates ranged from 79  percent (IPA/PxD1-K and 
 1AF1-K) to 92 percent (KALRO). We do not find any evidence of differential attri-
tion by treatment status (online Appendix Table C7, panels  A–D, columns 1 and 6). 
In the IPA/PxD and the  1AF1-K surveys, certain questions regarding lime use and 
knowledge were conditional on planting maize during the 2017 long rains season 

14 Some farmers might not have received or read the messages. The technology used to text farmers does not make 
it possible to determine whether the messages were opened. Using survey data, we document the following fraction of 
farmers who reported receiving agricultural information via text at endline: 54 percent in the  1AF1-K trial, 67 percent 
in the KALRO trial, 81 percent in the IPA/PxD2-K trial, and 92 percent in the IPA/PxD1-K trial. These differences 
could be explained by cellphone signal reception, the share of incorrect numbers held by each organization, the amount 
of time between receiving messages and completing the survey, and the way in which questions were asked. Since 
there is uncertainty around how precise these  self-reports are, we do not attempt to scale the effects. 

15 We reject the null of joint orthogonality for one of the treatment arm comparisons in the  1AF2-K project, 
though we fail to reject it once we include controls and  area-fixed effects. For all projects, we show  p-values of these 
 F-tests controlling for randomization strata and also when adding additional controls.
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(corresponding to 97 percent, 98 percent, and 94 percent of those who completed 
the IPA/PxD1-K, IPA/PxD2-K and  1AF1-K surveys, respectively). To keep sam-
ples consistent across various outcomes, we condition all outcomes for those proj-
ects on maize cultivation during that season. Importantly, there are no significant 
differences in the probability of having differential missing data by treatment status 
with this additional condition (columns 2 and 7 in panels B to D).

B. Meta-analysis

To synthesize the evidence across these various experiments and present a weighted 
average of the study estimates, we combine the results in a  meta-analysis. We use a 
random-effects model, which assumes that true effects can vary across studies and are 
normally distributed. The weighted average effect, therefore, represents the mean of 
the distribution of true effects. Formally, the model can be written as

(2)   T  j   = μ +  e  j   +  ζ j   ,

where   T  j    is the observed effect for study  j ,  μ  is the underlying true average effect,   
e  j    represents the measurement error due to sampling variation, and   ζ j    is the dif-
ference between the average effect, and the effect of program  j . Moreover,   e  j   ∼  
N (0,  σ  j  

2 )   and   ζ j   ∼ N (0,  τ    2 )  .   σ  j  
2   is the  within-study variance for study  j , while   τ    2   is 

the  between-study variance. The estimate of  μ  is

(3)   μ ˆ   =   
 ∑ j=1  

s    w  j    T  j  
 ________ 

 ∑ j=1  
s    w  j  

   ,

where   w  j    are  study-specific weights given by the inverse of the variance and  s  is the 
number of studies. In this case,

(4)   w  j   =   1 _ 
 (  τ ˆ      2  +   σ ˆ    j  

2 ) 
   

and in practice, we estimate   τ    2   using the DerSimonian and Laird method (Der 
Simonian and Laird 1986). We conduct robustness checks using a number of alterna-
tive estimation methods ( Sidik-Jonkman, restricted maximum likelihood, and empir-
ical Bayes). In addition to   τ    2  , we report two other measures of heterogeneity across 
programs: Cochran’s Q-statistic to test the null hypothesis of homogeneous effects 
across studies and Higgin’s and Thompson’s   I   2  , which is the percentage of variability 
not explained by sampling error (Higgins et al. 2003; Higgins and Thompson 2002).16 

16 The Q-statistic is a    χ   2   statistic with  s  minus 1 degrees of freedom and is calculated by:

  Q =   ∑ 
j=1

  
s

     w  j     ( T  j   −   
 ∑ j=1  

s    w  j    T  j  
 ________ 

 ∑ j=1  
s    w  j  

  )    
2

  .

The null is that all treatments are equally effective. This test, however, has low power when the number of studies 
is small (Higgins and Green 2008). The percentage of variability,   I   2  , measures the share of variability not explained
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We also estimate 95 percent prediction intervals.17 For situations where there are 
multiple outcomes per study, we compute the mean of the effect sizes for each study 
and estimate standard errors accounting for  within-trial correlations (Borenstein 
et al. 2017).18

Our preferred summary effect measure for binary outcomes is odds ratios, a rel-
ative effect measure. Using percentage point differences in  meta-analyses has been 
empirically shown to lead to summary statistics that are less consistent than when 
using other metrics (Deeks 2002; Engels et al. 2000). Choosing a summary effect 
statistic that gives values that are similar for all studies also makes it more reason-
able to express the effect as a single number. Nevertheless, in the results section, we 
discuss  meta-analytic effects using both types of effect metrics for binary outcomes: 
odds ratios and percentage point differences.19

Finally, we complement this  meta-analysis in two ways. First, by pooling all data-
sets together and estimating a single model (as in equation 1) including experiment 
dummies. Second, in online Appendix I, we present the  meta-analysis results using 
Bayesian hierarchical  random-effects models (Rubin 1981; Gelman et al. 1995).

III. Main Results

A summary of the main  meta-analytic effects and accompanying tests of hetero-
geneity are reported in Table 3. We discuss them in this section.

by sampling error and is given by

   I   2  = max {0,   
Q −  (s − 1) 

 ____________ 
Q

   × 100%}  .

  I   2   is less sensitive to the number of studies included, but it depends on their precision (Borenstein et al. 2017). While 
there is subjectivity in interpreting the magnitudes, Higgins et al. (2003) provide the following rules of thumb:   
I   2  = 25%  for low,   I   2  = 50%  for moderate, and   I   2  = 75%  for high heterogeneity. We report   I   2   and a correspond-
ing 95 percent confidence interval.

17 Prediction intervals provide a predictive range of future effects in exchangeable settings, accounting for 
uncertainty in the estimated effect, but also  between-trial heterogeneity. They are estimated through the formula   
μ ˆ   ± t ×  √ 

_
   σ ˆ    μ  2   +   τ ˆ      2     where t denotes the critical value from a student’s t distribution and    σ ˆ   μ    the standard error of the 

weighted average.
18 For each program, we compute the average effect by calculating the mean of the  log-odds effects associated 

with that program. Subsequently, we calculate standard errors for these effects. To determine the  within-study cova-
riance matrix, we employ a bootstrap approach where we simulate 1,000 datasets. For each dataset, we assess the 
treatment effect on each outcome and then estimate the correlations between these effects (Bujkiewicz et al. 2019). 
Additional sensitivity analyses show that the results are robust to different assumptions about the correlation across 
outcomes, including both 0 and 1.

19 When dealing with binary outcome variables, a potential issue with using the difference between two proba-
bilities as the measure of choice is that the underlying baseline probabilities of the outcome in the population limit 
the range of variation for this difference. If values of the baseline probability of adoption between different studies 
vary, then the associated values of the difference in probabilities can also vary. This can give the appearance of 
heterogeneity in this measurement scale due to these constraints rather than due to other more substantial factors 
(Fleiss and Berlin 2009). Conceptually, the impacts of informational programs may depend on the baseline level 
of input adoption. When adoption is low, program effects might be smaller because it might be harder to persuade 
farmers to use the inputs. Once the technology is more common, farmers might become more responsive to the 
information. Finally, once a large share of farmers have adopted the technology, persuading the remaining farmers 
might be difficult. This  S-shaped cumulative adoption pattern is often seen in models where there is heterogeneity 
among adopters and the distribution of values placed on the new technology by potential adopters is approximately 
normal (Hall and Khan 2003). In such cases, relative effect measures like odds ratios may be preferable to absolute 
measures like percentage point differences.



VOL. 17 NO. 1 545FABREGAS ET AL.: DIGITAL INFORMATION PROVISION AND BEHAVIOR CHANGE

A. Impacts on Awareness and Knowledge

We start by investigating impacts on the awareness and knowledge about agri-
cultural lime. We focus on lime because it was a relatively unknown input, and 
encouraging its use was the main focus of all the programs.20 Figure 1 shows that 
the effect for farmers having heard of lime (awareness), expressed as an odds ratio, 
is 1.21, but it is statistically insignificant (95 percent CI 0.95 to 1.53). However, 
there is substantial heterogeneity in this result. The  p-value of the Q-statistic is 0.03, 
and   I   2  = 68%  (Table 3, panel A).

In contrast, the text messages increased the share of farmers who knew that lime 
is a remedy for soil acidity (knowledge). Across projects, this was recorded as free 
text without prompting and coded into categories. The  meta-analytic odds ratio is 
1.53 (95 percent CI 1.38 to 1.70). Moreover, we cannot reject the null of homoge-
neous treatment effects on knowledge. The  p-value of the Q-statistic is 0.68 and the   
I   2  = 0  (95 percent CI 0 percent to 85 percent).

20 Individual project results are shown in online Appendix Table D1. No equivalent questions were asked about 
recommended chemical fertilizers during the endline surveys across projects.

Figure 1. Effects on Lime Knowledge and Awareness

Notes: The figure plots the  meta-analysis results for specific outcomes. The effects are estimated using a 
 random-effects  meta-analysis model. Results are reported as odds ratios. The horizontal lines denote 95 percent 
confidence intervals.

KALRO

IPA/PxD1-Kenya

IPA/PxD2-Kenya

1AF1-Kenya

Overall

Study

0.58

0.77

0.81

0.8

Control mean

0.7 1.85

Odds ratio
with 95% CI

0.98

1.28

1.55

0.99

1.21

[0.7,

[0.96,

[1.29,

[0.72,

[0.95,

1.37]

1.71]

1.85]

1.36]

1.53]

21.84

24.37

31.02

22.78

Weight
(percent)

Odds ratio
with 95% CI

Weight
(percent)

KALRO

IPA/PxD1-Kenya

IPA/PxD2-Kenya

1AF1-Kenya

Overall

Study

Panel B. Knowledge: Mentions lime as a way to reduce acidity

Panel A. Awareness: “Have you heard about lime?”

0.14

0.33

0.45

0.32

Control mean

1 2

1.19

1.62

1.55

1.51

1.53

[0.76,

[1.27,

[1.35,

[1.16,

[1.38,

1.85]

2.08]

1.77]

1.97]

1.7]

5.71

18.37

60.02

15.91



546 AMERICAN ECONOMIC JOURNAL: APPLIED ECONOMICS JANUARY 2025

When summarizing effects derived from linear probability models we find 
a significant increase of 8 percentage points in knowledge and an insignificant  
3 percentage point effect on awareness (Table 3, panel B). Overall, we conclude that 
while farmers might have heard about this input regardless of treatment status, the 
programs were successful in conveying information about the purpose of this new 
technology.

B. Impacts on Following Input Recommendations Using Administrative Data

Next, we examine our primary outcomes and present our preferred estimates, 
which use administrative purchase data. This includes data concurrent with the 
implementation season for all programs, except for KALRO, for which we use 

Table 3—Summary of Meta-analytic Results

Q-stat   I   2    I   2  
Outcome Observations Effect 95% CI 95% PI ( p-value) (%) 95% CI   τ    2  

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. Effects from logit specifications (odds ratios)
Awareness (lime) 4 1.21 (0.95, 1.53) (0.44, 3.29) 0.03 68 (6,89) 0.04

Knowledge (acidity) 4 1.53 (1.38, 1.70) (1.21, 1.93) 0.68 0 (0,85) 0.00

Lime recommended 6 1.19 (1.11, 1.27) (1.04, 1.36) 0.29 19 (0,63) 0.00

Fertilizer  
 recommended

4 1.27 (1.15, 1.40) (1.03, 1.57) 0.67 0 (0,85) 0.00

Recommended inputs 6 1.22 (1.16, 1.29) (1.13, 1.32) 0.50 0 (0,75) 0.00

Other inputs 5 1.00 (0.93, 1.08) (0.80, 1.25) 0.08 53 (0,83) 0.00

Persistence lime 4 1.06 (0.95, 1.18) (0.84, 1.34) 0.71 0 (0,85) 0.00

Fatigue lime 3 1.29 (1.15, 1.45) (0.61, 2.72) 0.82 0 (0,90) 0.00

Persistence fertilizer 4 1.08 (0.99, 1.19) (0.88, 1.33) 0.60 0 (0,85) 0.00

Panel B. Effects from linear probability models (percentage points)
Awareness (lime) 4 0.03 (−0.00, 0.06) (−0.09, 0.14) 0.11 51 (0,84) 0.00

Knowledge (acidity) 4 0.08 (0.04, 0.12) (−0.08, 0.24) 0.04 64 (0,88) 0.00

Lime recommended 6 0.02 (0.01, 0.03) (−0.02, 0.06) 0.00 78 (51,90) 0.00

Fertilizer  
 recommended

4 0.01 (0.00, 0.03) (−0.04, 0.07) 0.02 70 (14,90) 0.00

Recommended inputs 6 0.02 (0.01, 0.03) (−0.02, 0.05) 0.00 81 (60,91) 0.00

Other inputs 5 0.00 (−0.00, 0.01) (−0.01, 0.01) 0.17 38 (0,77) 0.00

Peristence lime 4 0.00 (−0.00, 0.01) (−0.01, 0.02) 0.79 0 (0,85) 0.00

Fatigue lime 3 0.02 (0.01, 0.02) (−0.03, 0.07) 0.46 0 (0,90) 0.00

Peristence fertilizer 4 0.01 (−0.00, 0.02) (−0.01, 0.03) 0.50 0 (0,85) 0.00

Panel C. Effects on quantities (Kg)
Kg lime 6 1.18 (0.10, 2.27) (−2.33, 4.70) 0.00 86 (72,93) 1.29

Kg fertilizer 4 0.43 (−0.03, 0.89) (−1.37, 2.24) 0.02 70 (15,90) 0.12

Notes: Results for each  meta-analysis are presented by row. Column 1 reports the number of experiments 
included in the  meta-analysis. Columns 2 and 3 display results from  random-effects  meta-analyses and corre-
sponding 95  percent confidence intervals (CI), respectively. Column 4 reports 95 percent prediction intervals (PI). 
Columns 5–8 provide information on heterogeneity measures. Panel A reports results in terms of odds odds ratios, 
estimated using logit. Panel B reports results estimated using linear probability models. Panel C reports results in 
kilograms.
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results based on coupon redemption for the subsequent agricultural season. In  
Section IVA, we discuss how estimated effects differ when using survey data.

Agricultural Lime.—We first examine impacts on the outcome all programs 
aimed to affect: following lime recommendations. Figure 2 shows that individual 
program effects range from a statistically insignificant odds ratio of 0.87 (95 percent 
CI 0.53 to 1.42) for KALRO to 1.38 (95 percent CI 1.14 to 1.67) for  1AF1-K.21 The 
combined odds ratio for following the lime recommendation is 1.19 (95   percent 
CI 1.11 to 1.27).22 The prediction interval, which gives a more intuitive sense of 
the range of effects of where a future sample would lie, ranges from 1.04 to 1.36. 
The Bayesian  meta-analytic estimate is 1.20, and in that case, we estimate that  
57  percent of observed heterogeneity is sampling variation (online Appendix 
Table I2).

Panel B in Table 3 shows the corresponding  meta-analytic results estimated from 
linear probability models. The  meta-analysis yields a combined effect of a 2 per-
centage point increase in the probability of following the recommendations (95 per-
cent CI 0.01 to 0.03). In line with the discussion from Section IIB, using an absolute 
measure of effects, such as a percentage point difference, suggests a higher degree 
of true program heterogeneity. Indeed, we reject the null of homogeneous treatment 
effects across programs in this case. In this context, using odds ratios as a summary 

21 Figure 2 appears in the review piece by Fabregas, Kremer, and Schilbach (2019), which cites a working 
version of this paper.

22 We also find reasonably consistent estimates for alternative specifications. Pooled data from all experiments 
into a single regression show that the odds of using lime increase by 14 percent or 1.3 percentage points (online 
Appendix Table E1, panel A, columns 1 and 3). The result is also robust to alternative methods of calculating   τ    2   
(online Appendix Table I1, panels  B–D).

Figure 2. Effects on Lime Purchases (Administrative Data)

Notes: The figure plots the  meta-analysis results for following lime recommendations using administrative data. 
The effects are estimated using a  random-effects  meta-analysis model. Results are reported as odds ratios. The hor-
izontal lines denote 95 percent confidence intervals. The KALRO results are measured using coupon redemption 
in the second season.
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effect measure appears to better fit the data, as it entails a higher degree of effect 
consistency across studies.23

In terms of the unconditional quantity of lime acquired, the  meta-analysis yields 
an estimate of 1.18 kgs purchased in areas where lime was recommended (online 
Appendix Figure I2). We reject the null of homogeneous effects for purchased quan-
tities of lime, and estimate an   I   2   of 86 percent (Table 3, panel C). This is perhaps 
not unexpected, given the variability in the amounts of lime recommended and the 
quantities that farmers could acquire across programs.

Fertilizers.—Only four programs (KALRO, IPA/PxD1-K, IPA/PxD2-K, and 
 1AF2-K) made fertilizer recommendations. Figure 3, panel A shows that the odds 
ratio for following the fertilizer recommendations is 1.27 (95 percent CI 1.15 to 
1.40), and we fail to reject the null of homogeneous effects (Q-statistic p-value 
0.67,   I   2  = 0% ). The Bayesian results suggest a similar magnitude, 1.28, though 
the confidence intervals are wider (95 percent CI 0.86 to 1.82) (online Appendix 
Table I2).

Table  3, panel B shows effects using percentage point differences. We find 
a 1  percentage point increase in the purchase of recommended fertilizers, but 
we reject the null hypothesis of homogeneous treatment effects based on this 
 meta-analysis. The impact on the unconditional amount of fertilizer acquired 
through vouchers or 1AF sales was 0.43 kg (95 percent CI −0.03 to 0.89) (online 
Appendix Figure I3).

The variable followed fertilizer captures a shift towards recommendations, 
though it does not necessarily indicate an increase in overall fertilizer use if farm-
ers substitute between different types of fertilizers. Therefore, we also estimate 
whether there was an overall increase in fertilizer purchases, for which we have 
administrative outcome data. The results are shown in Figure 3, panel B. The 
combined effect is 1.16 (95  percent CI 0.94 to 1.42). The smaller and statisti-
cally insignificant coefficient suggests some substitution between different types 
of fertilizers.24 Altogether, the results are in line with the stated objectives of 
these programs: chemical fertilizers are  well-known inputs, and messages shifted 
farmers towards experimenting with recommended blends. Moreover, we do not 
find evidence indicating that texts recommending an unfamiliar input (lime) had a 
greater effect than those recommending a familiar input (fertilizer).

23 This is also in line with the notion that, beyond the heterogeneity arising from differences in baseline levels 
of input adoption, there is less impact heterogeneity coming from other project features. However, even when using 
our preferred odds ratio specification, a limitation of conducting a  meta-analysis with only six studies is that the 
confidence intervals for   I   2   tend to be quite large, making it difficult to be conclusive about the extent of program 
heterogeneity. 

24 The difference between Figure 3, panel A and Figure 3, panel B is driven by the  PxD2-K program, in which 
different types of fertilizers were mentioned depending on local conditions. In Figure 3, panel B we code all fertil-
izers mentioned. Alternatively, online Appendix Figure I1 shows effects on all fertilizer purchases, using adminis-
trative data if it exists or survey data if it does not. In that case, we can also look at the effects of using any types of 
fertilizers, including planting fertilizers that are  well-known in the region. The likelihood of purchasing any type 
of fertilizer is 1.14 (95 percent CI 0.97 to 1.33). Individual project results are shown in online Appendix Table D3.
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C. Combined Effects on All Recommended Inputs and Practices

The previous section focused on lime and specific fertilizers as these were key 
program objectives, and we can measure outcomes through actual purchases. 
However, KALRO and IPA/PxD also provided information about other practices 
and inputs. In this section, we report overall effects, incorporating all potential adop-
tion outcomes, using administrative data where possible and survey data otherwise. 
Online Appendix Table B1 reports the list of the inputs recommended and measured 
for each program.

To combine the effects on multiple outcomes, we follow two approaches. First, 
we incorporate multiple treatment effect estimates within studies, accounting 
for the fact that effects can be correlated within a study (Borenstein et al. 2009). 
Figure 4, panel A shows the corresponding forest plot. The estimated odds ratio is 
1.22 (95 percent CI 1.16 to 1.29,  N = 6 ), and we fail to reject the null of homo-
geneous treatment effects ( p-value = 0.50). The prediction interval ranges from 
1.13 to 1.32. The Bayesian estimate is 1.21, and under that model, we estimate that 

Figure 3. Effects on Fertilizer Purchases (Administrative Data)

Notes: The figure plots the  meta-analysis results for following fertilizer recommendations using administrative data. 
The effects are estimated using a  random-effects  meta-analysis model. Results are reported as odds ratios. The hor-
izontal lines denote 95 percent confidence intervals. The KALRO results are measured using coupon redemption 
in the second season. For panel B the dependent variable for IPA/PxD2-Kenya is a dummy equal to one if either 
urea or CAN were purchased.
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62   percent of the observed heterogeneity is sampling variation (online Appendix 
Table I2).25

The  meta-analytic results estimated from linear probability models suggest a 
 combined effect of 2 percentage points (95 percent CI 0.01 to 0.03). Again, using 
an  absolute effect measure suggests a higher degree of treatment heterogeneity 
(Table 3, panel B).

As a second strategy to combine outcomes, we standardize treatment effects 
for each experiment, following the construction of indices as per Kling, Liebman, 
and Katz (2007). Combining these point estimates through a  meta-analysis, we find 

25 To study the impacts of  1AF2-K on all inputs we restrict the sample to the treatment arm that recommended 
both lime and CAN.

Figure 4. Effects on Recommended and Other ( Nonrecommended) Inputs

Notes: The figure plots the  meta-analysis results for the effect of the programs on the use or purchases of recom-
mended inputs and other inputs not mentioned by the  text messages. The effects are estimated using a  random-effects 
 meta-analysis model. Results are reported as odds ratios. The horizontal lines denote 95 percent confidence inter-
vals. Panel A reports results for recommended inputs. Panel B reports results for other (nonrecommended) inputs. 
IPA/PxD1-K is not included in panel B because no data for other  nonrecommended inputs was collected in that 
case.
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that the overall effect of the programs, expressed in standard deviations, is 0.06 
(95 percent CI 0.03 to 0.08) (online Appendix Table I1, panel A).

We conclude that text messages appear to consistently affect farmers’ input 
choices. Although the impacts are modest, they are not on a substantially differ-
ent scale from those effects achieved through more intensive and costly extension 
approaches. To put these effect sizes into perspective, consider the effects of other 
agricultural informational interventions. Large  in-person extension events in western 
Kenya increased the purchase of agricultural lime by 4 percentage points (Fabregas, 
Kremer, and Schilbach 2023). In India, Cole, and Fernando (2021) find that a more 
sophisticated  voice-based service increased the adoption of recommended cot-
ton seeds by 0.09 standard deviations, and BenYishay and  Mobarak (2019) find 
increases of 3 to 7 percentage points in pit planting using  in-person extension ser-
vices through lead farmers. In Uganda, a  video-based intervention increased the 
use of chemical fertilizers by 5 percentage points (Van  Campenhout, Spielman, 
and Lecoutere 2021).

D. Effects on Other (Nonrecommended) Inputs

Does following the recommendations crowd out the purchase of other inputs? On 
average, we do not find that this is the case (online Appendix Table B1 lists all inputs 
we consider).26 The combined effect on inputs that were not mentioned in the texts 
is negligible and statistically insignificant: 1.00 (95 percent CI 0.93 to 1.08, N = 5) 
(Figure 4, panel B).27 However, we marginally fail to reject the null of homogeneity 
across results ( p-value = 0.08,   I   2   = 53%) (Table 3, panel A).

E. Effect Persistence

To measure effect persistence, we measure input acquisition or use during a sub-
sequent agricultural season ( t + 1 ) for farmers that were only treated during the pre-
ceding season ( t ). Four experiments allow studying this question for lime: KALRO, 
IPA/PxD2-K,  1AF1-K, and  1AF3-R. We use administrative data for all of them 
except for IPA/PxD2-K, for which we only have survey data for the second season. 
For fertilizers, we exploit variation from: KALRO, IPA/PxD1-K, IPA/PxD2-K, and 
 1AF2-K, and use survey data for the IPA/PxD programs. Figure 5, panels A and B 
show results.

26 We do not include  nonrecommended fertilizers for programs that sent fertilizer recommendations, since 
farmers might have naturally substituted between different blends. These results are shown in online Appendix 
Figure I1. For the two programs that did not send any fertilizer recommendations ( 1AF1-K and  1AF3-R) we include 
fertilizer purchases. For  1AF2-K we only keep the treatment arm that recommended both lime and fertilizer to make 
the sample consistent with that of Figure 4 panel A. For the IPA/PxD1-K program only information for fertilizer 
and lime purchases was collected at endline, and therefore, the project is not included in this  meta-analysis.

27 Online Appendix Table D6 shows the results for recommended inputs, other inputs, and other  nonrecommended 
fertilizers separately by experiment, using a seemingly unrelated regression framework to account for covariance 
across estimates. The results for the IPA/PxD1-K program suggest that farmers substituted other types of chemical 
fertilizers in favor of those recommended by the program (panel B, columns 5 and 6). The point estimate for other 
types of fertilizer is also negative for the IPA/PxD2-K program, although smaller and not statistically significant 
(panel C, columns 5 and 6). For that program, there is also evidence of input substitution in overall purchases 
(columns 3 and 4).
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For individual projects, coefficients are mostly positive but statistically insig-
nificant. Combining the results in a  meta-analysis, we find that the effects are 
positive for both fertilizer and lime, but the magnitude is smaller than when effects 
are measured on the concurrent season and are, again, insignificant. For lime, the 
combined odds ratio is 1.06 (95 percent CI 0.95 to 1.18) and for fertilizer, 1.08 
(95 percent CI 0.99 to 1.19). We fail to reject the null of homogenous effects in 
both cases (Table 3, panel A). While we cannot reject the null that these effects 
are equivalent to the ones measured in the first season, we take this as suggestive 
evidence of effect decay after the end of these interventions.28 Online Appendix 
Tables D4 and D5 show persistence results for each program using survey and 
administrative data separately.

28 In the analysis of the  1AF3-R project, we include the second season’s untreated farmers from partially treated 
groups. If we exclude them from the sample, we estimate a lime persistence odds ratio of 1.10 (95 percent CI 0.92 
to 1.33) for that project, along with an overall  meta-analytic effect of 1.09 (95 percent CI 0.94 to 1.26). Similarly, 
the corresponding fatigue effect for  1AF3-R is 1.29 (95 percent CI 1.08 to 1.54) with that restricted sample.

Figure 5. Effect Persistence over the Subsequent Season

Notes: The figure plots the  meta-analysis results of following lime and fertilizer recommendations in the second 
season, for the subsamples that were only treated in the first season. The effects are estimated using a  random-effects 
 meta-analysis model. Results are reported as odds ratios. The horizontal lines denote 95 percent confidence inter-
vals. Panel A reports results for following lime recommendations in the second season. Panel B reports results for 
following fertilizer recommendations in the second season.
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F. Message Fatigue

We also ask whether  re-treating farmers during a second season sustained effects. 
To answer this question we look at lime purchases for the three programs that 
 re-treated farmers during a subsequent season: IPA/PxD1-K,  1AF1-K, and  1AF3-R. 
We use administrative data in all cases. The combined effect in odds ratios is 1.29 
(95 percent CI 1.15 to 1.45) (Figure 6) and we fail to reject the null of homogeneous 
treatment effects ( p-value = 0.8). The corresponding  meta-analytic effect for those 
three programs measured over the first season is 1.22 (95 percent CI 1.11 to 1.35). 
We find a corresponding effect of 2 percentage points when using estimates from 
linear probability specifications (Table 3, panel B).

These results provide little empirical support for the idea that  re-treating farmers 
with text messages will necessarily lead to fatigue. Moreover, we note that, under 
at least the simplest Bayesian models of learning, repeating messages would have 
no effect.

G. Who Is Most Responsive to These Programs?

A potential concern about  digital-based approaches is that they will favor younger, 
more educated, or richer farmers. However, we find little evidence of heterogeneous 
effects by gender, age, level of education, or farm size (for 1AF this was proxied 
using the size of the input package bought). Heterogeneity results for each program 
are shown in online Appendix Tables  H1–H2. To increase power, we also show 
results pooling all datasets together in online Appendix Table E2. Again, we find 
no evidence of a statistically significant differential program effect by these charac-
teristics. Moreover, we find that input purchases were not differentially affected by 
whether farmers had used or heard about fertilizer or lime in the past. We interpret 
this finding as suggesting that the effects operate through channels other than simply 
raising knowledge about these inputs.

Figure 6. Message Fatigue

Notes: The figure plots the  meta-analysis results of following lime recommendations in the second season, for 
the subsample of farmers treated in both seasons, compared to the control group. The effects are estimated using 
a  random-effects  meta-analysis model. Results are reported as odds ratios. The horizontal lines denote 95 percent 
confidence intervals.
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IV. Lessons from Individual Experiments

This section  uses individual projects’ experimental variation to gather lessons 
about impact differences by data sources, variation in message content, repetition, 
complementary services, and spillovers.

A. Differential Effects of Self-Reported versus Administrative Data

Are effects measured using  self-reported versus administrative data equivalent? 
For lime we can compare the results of four projects for which we have both types 
of data (KALRO, IPA/PxD1-K, IPA/PxD2-K,  1AF1-K).

Online Appendix Figure I4 shows the  meta-analysis of the ratio between the odds 
ratio coefficients obtained using survey data and those obtained using administra-
tive records for lime.29 The  meta-analytic estimate for the difference in survey and 
administrative data is 1.19 (95 percent CI 1.03 to 1.38) indicating that the effects 
estimated using survey data are higher than those using administrative records.

Which programs drive this difference? A likely candidate is KALRO, since the 
administrative and survey data correspond to two different seasons. However, the 
difference between data sources is relatively small (online Appendix Table  D2). 
Similarly, the survey data lines up reasonably well with the administrative reports 
for  1AF1-K. However, for the IPA/PxD programs, the survey results are statistically 
larger than the ones estimated using data from coupon redemption. This discrepancy 
could suggest either of two possibilities. Firstly, it is possible that the survey data is 
affected by social desirability or recall bias and that true lime purchases or use are 
misreported in the questionnaire. This could be the case, for instance, if farmers felt 
social pressure to report that they followed the recommendations even when they did 
not. A second possibility is that the coupon redemption underestimates true lime use if 
treated farmers obtained inputs from sources not captured by the administrative data.

We explore these possibilities for farmers in the IPA/PxD2-K sample, for whom 
we have more information. First, we examine whether farmers who potentially had 
access to alternative sources of lime due to their participation in 1AF programs are 
more likely to report they used lime even if they did not redeem the coupon. We find 
that participating in 1AF programs (36 percent of the sample) is associated with a 5 
percentage point increase in the likelihood of following the recommendations in the 
survey but not in the administrative data (from 8 to 13 percent). This could suggest 
that some farmers might have procured lime from alternative sources.

We can also compare farmers’ reports about which shops they acquired inputs 
from against data from a survey completed with agrodealers about their lime stock. 
Among the farmers who reported in the survey that they had acquired lime from an 
agrodealer  (87 percent), those who reported using lime but did not redeem the lime 
coupon (“mismatched”) were 5 percentage points more likely than those without a 
mismatch to be unable to report the shop from which they bought it. Conditional on 
listing an agrodealer, these mismatched cases were also 8 percentage points more 

29 A ratio of odds ratios compares the change in effects between two groups. A ratio of odds ratios greater than 
1 implies that the effect was greater when measured with survey data than with administrative data.
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likely to claim they acquired lime from a shop that, according to our monitoring 
data, had not stocked lime during that period (an increase from 9 to 17 percent). 
This hints at differential misreporting in the survey due to social desirability bias. 
Overall, true effects on lime use are likely to be between these two bounds, but we 
take the more conservative administrative data results as our preferred estimates.

When considering discrepancies in fertilizer use, we have data for three programs 
(KALRO, IPA/PxD1-K, and IPA/PxD2-K). The mean fertilizer use in the control 
group is significantly higher in the survey than in the administrative data for all 
programs (e.g., 81 percent versus 41 percent for KALRO, 15 percent versus 2 per-
cent for IPA/PxD1-K, and 16 percent versus 2 percent for IPA/PxD2-K (online 
Appendix Table D3)). This likely suggests that farmers procured fertilizer from 
sources other than the participating agrodealers that redeemed coupons. However, 
relative to the discrepancy for lime, the direction of the gap between survey and 
administrative data impacts is negative and statistically insignificant.

B. Effects of Message Framing, Content, and Repetition

This section  discusses the differential treatment arm effects in PxD/IPA1-K, 
PxD/IPA2-K,  1AF2-K, and  1AF3-R. The latter two  cross-randomized message 
framings and repetition, and so the effects of treatments described should be inter-
preted as conditional on the distribution of the other treatments (Muralidharan, 
Romero, and Wüthrich, forthcoming).

Framing and Content.—Behavioral economics posits that the way in which informa-
tion is presented can influence individual choices. If so, small adjustments in message 
framing or content could be an inexpensive way to improve the effectiveness of these 
programs.  1AF2-K and  1AF3-R randomized different versions of the input messages, 
with the intention of appealing to  well-known behavioral biases or providing addi-
tional information to farmers. All  1AF2-K messages were further  cross-randomized to 
address the whole family instead of the individual (e.g., the word “you” was replaced 
with “your family”).  1AF3-R messages were also  cross-randomized to be framed 
either as a loss or a gain (e.g., “to increase yields” versus “to avoid a yield loss”).

Online Appendix Table F2, panels  A–B show effects for lime and fertilizer for 
 1AF2-K, panel C shows effects for lime for  1AF3-R. In columns 1–2 and 7–8 the 
reference group is the control, whereas in columns 3–4 and 9–10 the reference group 
are those assigned to the basic message. All versions appear to be equally effective. 
The only marginally statistically significant effect we detect is for messages that 
included information on the potential increase in yields for  1AF2-K, but the effect 
does not hold for fertilizer purchases.

In terms of framing, addressing the entire family was less effective for lime pur-
chases (panel A, columns 5–6 and 11–12). The effects for fertilizer are also negative, 
but not statistically significant (panel B). For  1AF3-R we do not find consistent evi-
dence of differential impacts with a loss framing (panel C, column 5–6 and 11–12).

Overall, we conclude that the way specific messages are presented had limited 
influence on whether farmers followed the recommendations. However, since the cost 
of optimizing messages is very low, this is an area that warrants further exploration.
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Information Specificity.—Evidence on the role of information specificity comes 
from the IPA/PxD1-K and  1AF1-K projects. The IPA/PxD1-K project random-
ized farmers to either a general information arm or a treatment arm that provided 
specific information about the extent of soil acidity in the local area. While the 
treatment arm with specific information was significantly more likely to increase 
knowledge about lime, we do not find significant differences between the arms on 
the probability of purchasing the input (online Appendix Table F1, panel A). These 
results are similar to the effects of the Broad SMS and Detailed SMS treatment 
arms implemented by the  1AF1-K program. The point estimates between treat-
ment arms are similar, and we cannot reject equality (online Appendix Table F1, 
panel C). We conclude that providing additional details on local soil characteris-
tics made little difference in whether farmers followed the recommendations.

Message Repetition.—Message repetition has been identified in the com-
munication and marketing literatures as a driver of consumer choices (Schmidt 
and Eisend 2015).  1AF2-K and  1AF3-R  cross-randomized the number of repeated 
messages, where each message was sent every couple of days. We find evidence 
that repetition had modest positive effects on input purchases. The odds ratio 
effect of one additional text on purchasing lime is 1.03 in the  1AF2-K program 
(online Appendix Table  F3, panel A, column 7) and 1.05 in the  1AF3-R pro-
gram (panel C, column  7). This corresponds to a significant increase of 0.2 to 
0.4 percentage points. For both programs, the effect is driven by receiving at 
least two messages, and we find no significant effects from receiving additional 
messages. For fertilizers, the odds increase by 7 percent or 0.7 percentage points 
(panel B).

C. Are Text Messages Strengthened by Phone Calls?

Text messages can be cheap, timely, and farmers can also consult them at later 
times as needed. However, texts are a restrictive and passive medium to convey 
information. To address these concerns, the PxD/IPA2-K project experimented 
with three treatment arms. In the first arm, farmers received only text messages 
(SMS). In the second arm, farmers received text messages and a phone call from 
a field officer (SMS + Call ). In the third arm, farmers received the text messages 
and were offered the possibility of texting back to receive a call (SMS + Call 
Offer). The calls did not provide any additional information apart from what was 
contained in the messages, but farmers could ask clarifying questions. All calls 
were free.

We do not find high demand for an additional phone call. Only 13 percent of 
farmers assigned to the SMS + Call Offer group requested a call. This relatively 
low demand is in line with that of the 1AF projects, where a hotline was also 
available for all treated farmers, but where less than 1 percent called the  toll-free 
number. Moreover, while receiving a call was more effective in raising aware-
ness about lime, we do not find statistically significant differences between any 
of the treatment arms in following the lime recommendations (online Appendix 
Table F1, panel B).
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D. Are There Spillovers?

These programs could create spillovers if beneficiaries share information with 
 nonparticipants, who might also adopt the recommended technologies. If  non-treated 
farmers benefit from the  text message programs, we also risk underestimating over-
all impacts.

To assess the potential magnitude of these spillovers, we focus on the 1AF programs, 
since we can exploit the existence of untreated peers in farmer groups. However, we 
note that any potential spillovers might have been higher in this context compared to 
the IPA/PxD and KALRO programs where subjects operated individually.

We pursue three approaches. First, we use the variation created in the number of 
treated farmers within 1AF farmer groups. We estimate regressions of the following 
general form only for control farmers:

(5)   y  i   = α +  β 1    Treat _ Peers  i   +  β 3    Group _ size  i   +  γ k   +  ϵ i    ,

where we include the number of group members who are assigned to the treatment 
(  Treat _ Peers  i   ) and include controls for group size. In this case,   β 1    compares control 
group respondents who are exposed to a higher fraction of treated farmers. Online 
Appendix Table D8, columns 1–2 and 9–10 show results for  1AF1-K,  1AF2-K and 
 1AF3-R. We find no evidence of spillovers using this approach.

Second, to obtain cleaner evidence of spillovers, we leverage the  two-staged 
 1AF3-R randomization. We compare untargeted farmers in partly treated groups 
against those in the pure control groups (online Appendix Table  D8, panel D,  
columns 3–4 and 11–12). There is a statistically significant 14 percent increase in the 
odds of lime purchases for those who were untreated in the partly treated groups rela-
tive to the pure control group once all controls are included (or a 0.4  percentage point 
increase using a linear probability model). Columns 5–6 and 13–14 explore whether 
farmers without registered phones in the treated groups in  1AF3-R were more likely 
to adopt inputs relative to farmers without registered phones in  non-treated groups. 
We find marginal statistically significant spillovers to these individuals once we 
include additional controls, with a 17 percent increase in the odds of following the 
recommendations among those without phones (a 0.3 percentage point increase).

Third, we estimate equation (5) for the population of  non–phone holders in  1AF3-R 
(phone ownership is almost universal in Kenya, so we cannot use this approach for 
the other projects) and find some evidence of spillover effects, though not consis-
tently statistically significant for different specifications (columns 7–8 and 15–16).

While we do not find consistent evidence of spillover effects across all three 1AF 
programs and different specifications, the evidence from the cleanest randomization 
design, within a program where farmers often interact, is suggestive of some spill-
overs for farmers in partially treated groups and for those without phones.

V. Cost-Effectiveness and Cost-Benefit Analysis

We present two types of calculations to assess program returns. First, we esti-
mate the  cost-effectiveness of a representative  text-based program in comparison to 
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 non-digital approaches with similar goals. While this comparison alone is not dispos-
itive for program investment decisions, it helps in evaluating extension approaches 
when taking policy goals as given.

Second, we conduct  back-of-the-envelope calculations to estimate the marginal 
 benefit-cost ratio of a representative text message intervention. While this calcu-
lation excludes the fixed costs associated with developing, managing and piloting 
messages, for large enough programs the overall  benefit-cost ratio will be close 
to the marginal  benefit-cost ratio. To determine the benefits of reaching an addi-
tional farmer, we combine information from the effects on lime and fertilizer use 
with existing agronomic data to roughly estimate impacts on yields and agricultural 
profits.30

For cost estimates, we use the marginal costs of the text messages (we also use 
marginal costs for the other  in-person programs when making comparisons). The 
cost of sending one text message for the  medium-sized programs was approximately 
$0.01. These costs can be significantly lowered to $0.001 if the programs operate at 
scale with bulk texting. For both calculations, we only focus on the use of inputs for 
a single agricultural season. Online Appendix G provides additional details.

Cost-Effectiveness.—Consider a program that sends three  lime-related messages. 
The marginal cost per farmer would be $0.003–$0.03 per season. Using the most 
conservative marginal cost for this program, we estimate that the cost of inducing 
one farmer to experiment with lime is approximately US$1.50. Using the summary 
effects from the quantity  meta-analysis, we estimate that the cost per 10 kgs of lime 
used due to this type of program is $0.25.

We contrast these estimates to those of  in-person extension approaches imple-
mented in the region. First, we compare them to those of Farmer Field Days (FFDs), 
an intervention implemented in western Kenya by KALRO (Fabregas, Kremer, 
and Schilbach 2023). The FFDs consisted of large  in-person meetings with farmers 
where they could observe test plots and learn more about various inputs and prac-
tices, including agricultural lime. We estimate that the cost per farmer attended was 
$9. The odds ratio of FFDs on lime purchases was 1.54 or a 3.8 percentage point 
increase in lime use, using a linear probability model. The point estimate on the 
quantity of lime purchased was an increase of 6.2 kg. Depending on whether we use 
odds ratios or percentage points, this translates to a  per-farmer experimentation mar-
ginal cost of $38–$46, even when we only attribute a fifth of the overall FFD costs to 
lime teaching. The estimated cost per 10 kgs of lime purchased was $2.8, more than 
ten times the estimated marginal cost from the  text message program.

A second experiment conducted by 1AF in western Kenya tested lime sales 
incentives for field officers. These incentives were found to increase the probability 
of purchasing lime by 13 percentage points and the quantity of lime purchased by 
6.6 kgs. The cost of this program involved a payment to field officers of $0.5 per 

30 Experiments directly measuring the impact of text messages on farm profits would have the advantage of 
measuring the local average treatment effect (LATE) for those farmers who change behavior in response to the 
messages. However, given the per farmer cost of collecting profit data, the noise in measuring profits, and the small 
effects that would render a program  cost-effective, studies powered to pick up  cost-effective impacts would likely 
be prohibitively expensive. 
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adopting farmer, plus a day of training for the field officers (1AF 2019d). We esti-
mate that the cost per experimenting farmer was $1.88, while the cost per 10 kgs of 
lime purchased was $0.38.

Therefore, text messages compare favorably to these  in-person interventions 
over a single season, especially with bulk texting. However, a complete comparison 
across programs would also need to account for potential differences in the extent of 
spillovers and effect persistence, something we cannot assess for these comparison 
programs.

Cost-Benefit.—To approximate the lime benefits in terms of yields, we use the 
median of four agronomic trials in the region and calculate a 10.3 kg maize yield 
increase per 10 kg of lime applied (see online Appendix G). Since these experimen-
tal plots were, for the most part, implemented in regions deemed acidic but in farms 
with various levels of pH, the estimates of returns to lime already account for the 
fact that not every farm might have experienced an increase in yields.31 We estimate 
that the profits obtained from an additional 10 kg of lime are approximately $2.1, 
which takes into account the revenue from additional maize sales using prevail-
ing market prices, minus the costs of applying lime and the additional labor costs 
from harvesting and transport. At the estimated lime application rate, we calculate 
a  benefit-cost ratio of 8:1 for a  three-message program. With  at-scale unit costs of 
$0.001 per text message, the implied marginal  benefit-cost ratio is closer to 83:1.

For fertilizer, we use the impact of 10 kg of application on yields, 24.8 kg, from 
(Duflo, Kremer, and Robinson 2011). The cost of applying 10 additional kg of fertil-
izer is estimated to be approximately $7.4, which considers the local price of fertil-
izer, transport, and application costs. Considering the overall impact of the programs 
in terms of the quantity of fertilizer applied implies a profit of $0.07 per treated 
farmer. Considering a  per-farmer program cost of $0.04 ( four-message program) 
the  benefit-cost ratio is 1.75. However, at scale, with a unit cost of $0.001 per text, 
the implied marginal  benefit-cost ratio would be closer to 18:1. Combining the two 
components, lime and fertilizer, in a  seven-message intervention, we obtain mar-
ginal  benefit-cost ratios of up to 46:1 when programs are operated at a very large 
scale. 32

These calculations should be interpreted with caution since they rely on many 
assumptions. However, they are encouraging for a number of reasons. First, the 
estimates on impacts are likely lower bounds. As discussed, there is suggestive  
evidence of information sharing among farmers, which we do not include. Second, 
unlike other  in-person programs where treatment costs are likely to rise with wider 
implementation, operating these programs at scale would significantly reduce costs.

31 In online Appendix K we show that even under very conservative assumptions about the fraction of farmers 
that might have benefited from these programs, the marginal  benefit-to-cost ratio remains at 10 to 1 or higher when 
operating these programs at scale.

32 Our finding that the absolute value of benefits per farmer is modest but still dwarfs marginal costs implies that 
some minimum number of farmers will be required to cover the fixed costs of designing and operating such pro-
grams but that asymptotically as the number of farmers served becomes large enough the overall  benefit-cost ratio 
will approach the marginal  benefit-cost ratio. Governments and telecommunication companies often have telephone 
numbers for and the ability to reach very large numbers of farmers, but some other organizations do not. We also 
discuss calculations with fixed costs in online Appendix G.
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VI. Conclusion

An extensive body of literature in economics has identified informational barriers 
as a constraint to behavior change and technology adoption. The rapid uptake of cell 
phones in developing countries has opened new opportunities to reach people with 
timely and customized messages. Using text messages to convey information might 
be a promising tool to reach people at scale, especially in  low-income countries 
where more intensive or sophisticated approaches remain limited. Yet understanding 
whether the impacts of these approaches extend to different populations and con-
texts is critical for policy design. Some see the success of these programs as highly 
dependent on context and design details.

We experimentally evaluate the effects of six different programs implemented in 
Kenya and Rwanda using actual input purchases as our preferred outcome measure 
and employing large sample sizes to detect small impacts. Although the programs 
were all run by  well-known and trusted organizations, their target audiences, mes-
sage designs, and specific content differed. While we cannot make conclusive state-
ments about impact heterogeneity with only six projects, we failed to find strong 
evidence to support the idea that differences in target population, or the exact details 
of messages substantially affected the impacts of these programs.

The results highlight the importance of  well-powered experiments, especially for 
very cheap interventions, and caution against making conclusions about the exter-
nal validity of programs by simply taking  nonsignificant results as evidence of no 
impact.

Our  back-of-the-envelope calculations further suggest that although the effects 
we estimate are modest in absolute terms,  text-based approaches are highly 
 cost-effective from the point of view of an organization that is interested in promot-
ing new inputs.

While we cannot fully disentangle the mechanisms through which these programs 
operate, we show that impacts decayed over time but  re-treating farmers sustained 
effects. This may suggest that the messages do more than simply create  long-lasting 
knowledge about inputs. If knowledge or awareness were the main channels, one 
would also expect that the programs would be most effective for those farmers who 
knew nothing about the new technologies at baseline. Moreover, providing farmers 
with richer information and adding a phone call did not significantly change their 
behavior.

As more sophisticated technologies, such as  smartphones and large language 
models, continue to advance and be adopted over time, opportunities for digital 
information provision are likely to improve. There is a large scope for policymakers 
and researchers to continue exploring how to effectively deliver information at scale 
in cheaper ways.
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