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Abstract

This study examines whether receiving anticipatory cash transfers during an extreme winter affects
households’ demand for index-based livestock insurance. We exploit a randomized field
experiment conducted during the 2020/21 winter disaster in western Mongolia and combine
household panel survey data with administrative insurance records. We do not find evidence of
charity hazard: the estimated effect of anticipatory cash transfers on insurance uptake is small and
statistically indistinguishable from zero. The 95% confidence interval rules out large crowding-out
effects but remains consistent with small negative effects of up to 2 percentage points. Treatment
effects are heterogeneous: among households with prior insurance experience, estimated effects
are positive and statistically significant, while effects among previously uninsured households are
statistically indistinguishable from zero. These findings suggest that, in contexts where assistance
is incomplete and index insurance is well-established, anticipatory assistance does not need to
undermine insurance demand.

Keywords:  Anticipatory humanitarian assistance, extreme weather events, impact evaluation,
index-based insurance, randomized controlled trial, Mongolia
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1. Introduction

The increasing frequency and intensity of extreme weather events are projected to cause
substantial economic losses, disproportionately affecting households in low- and middle-income
countries (LMICs) (Portner, et al., 2022). In response, policymakers have introduced a range of
new instruments designed to support households manage climate risks. In practice, however,
households are often targeted by multiple instruments that address the same risks. This coexistence

raises critical questions about how these instruments interact and influence household behavior.

This paper studies the interaction between two instruments that are becoming increasingly
important for managing climate risks: index-based weather insurance and anticipatory
humanitarian assistance. Separate strands of the literature have studied the effectiveness of index-
based weather insurance (e.g., Bertram-Huemmer and Kraehnert, 2018, Carter, et al., 2016, Cole,
et al., 2017, Hill, et al., 2019, Janzen and Carter, 2019, Stoeffler, et al., 2022) and anticipatory
humanitarian assistance in the context of weather disasters (e.g., Christian, et al., 2025, Gros, et al.,
2019, Gros, et al., 2022, Mogge, et al., 2025, Pople, et al., 2024). Much less is known about how
these instruments interact. We contribute to the evidence base by examining whether the receipt of
anticipatory humanitarian assistance during an extreme weather event affects households’ demand

for index-based insurance covering future weather risks.

We analyze data from a randomized field experiment implemented in western Mongolia,
in which households received anticipatory cash transfers to mitigate the impact of an extreme
winter event (Mogge, et al., 2025). Mongolia offers a particularly well-suited setting for studying
how humanitarian assistance affects private investments in risk management. It was among the
earliest adopters of both index-based livestock insurance (IBLI), introduced in 2006, and forecast-
based anticipatory humanitarian assistance, first implemented in 2017. The coexistence of these
instruments, combined with the randomized distribution of anticipatory cash transfers, allows us
to test whether public humanitarian assistance crowds out, crowds in, or leaves unaffected

households’ demand for private insurance.

Anticipatory humanitarian assistance is provided by governments and humanitarian
organizations and delivered to households before a disaster occurs or reaches its peak, often in the
form of cash transfers (Arnold, et al., 2011, German Red Cross, 2017, German Red Cross and Red

Cross Red Crescent Climate Centre, 2016). These transfers are designed to trigger automatically



when risk forecasts exceed predefined thresholds, with the aim of preventing or reducing
humanitarian needs before they fully materialize. In contrast, index-based weather insurance is a
market-based instrument that households must proactively purchase to protect themselves against
future weather-related risks (Cai, et al., 2020, Fisher, et al., 2019, GPFI, 2015, Greatrex, et al.,
2015, Hazell and Hess, 2017, Skees, 2008). Insurance payouts are determined by an objective
index, calculated at an aggregate geographical level. Once the index exceeds or falls short of a
predefined threshold, insured households receive payouts, regardless of whether they incurred
individual losses. By avoiding loss verification, index insurance offers a relatively low-cost
approach to risk transfer for agricultural households (Cai, et al., 2020, Fisher, et al., 2019, GPFI,
2015, Greatrex, et al., 2015, Hazell and Hess, 2017)."

While both instruments aim to mitigate the socioeconomic impacts of weather disasters,
their coexistence may have unintended consequences if anticipatory assistance reduces demand for
insurance. If households expect to receive public assistance during future disasters, they may be
less likely to purchase insurance coverage, a phenomenon commonly referred to as charity hazard
(Browne and Hoyt, 2000). This crowding out of private risk management is well established in
economic theory (e.g., Brunette, et al., 2013, Kaplow, 1991, Kelly and Kleffner, 2003, Lewis and
Nickerson, 1989, Philippi and Schiller, 2024, Raschky and Weck-Hannemann, 2007, Robinson, et
al., 2021, Tesselaar, et al., 2022).2 However, empirical evidence on the existence of charity hazard
remains scarce. At the same time, index-based weather insurance itself has struggled to achieve
widespread adoption, despite significant policy attention and investment (Binswanger-Mkhize
2012; Carter et al. 2017; Jensen & Barrett 2017). Understanding how anticipatory humanitarian
assistance affects the demand for weather insurance is thus a key question for the effective design

of both instruments.

Our study builds on a randomized field experiment conducted among households

participating in the Coping with Shocks in Mongolia Household Panel Survey, a long-running panel

! Compared to conventional indemnity-based insurance schemes, index-based insurance is characterized by

generally lower administration costs (Miranda and Farrin, 2012). Moreover, index-based insurance is by design
resistant to adverse selection and moral hazard because insured households do not gain from individual damage
(Barnett and Mahul, 2007, Mahul and Stutley, 2010).

2 Charity hazard is closely related to the concept of the Samaritan’s dilemma (Buchanan, 1975). Focusing on

governments instead of individuals, the Samaritan’s dilemma describes how the expectation of receiving official
development assistance from foreign donors in the event of a disaster decreases the recipient government’s incentive
to invest in protective efforts (Gibson, et al., 2005, Raschky and Schwindt, 2016).
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survey that is representative of the population in three provinces in western Mongolia. During the
2020/21 winter, pastoralist households living in areas projected to be at risk of facing a winter
disaster were randomly selected to receive unconditional cash transfers of 236 USD on average
from the NGO People in Need (PIN). We combine the household-level panel survey data with the
IBLI customer database, which contains detailed information on insurance purchases. The temporal
overlap between the cash transfer intervention and the insurance sales period enables us to identify
the effect of anticipatory assistance on households’ demand for insurance coverage for the

subsequent winter.

We find no evidence of charity hazard. The estimated intention-to-treat effect of receiving
an anticipatory cash transfer on insurance uptake during the 2021 sales period is statistically
indistinguishable from zero. The 95 percent confidence interval rules out large negative effects,
though small reductions in uptake of up to 2 percentage points remain consistent with the data.
Allowing for heterogeneity by prior insurance experience, we find a more positive treatment effect
for households that had previously purchased insurance. Among households without previous IBLI
purchase, the effect of receiving the cash transfer is statistically indistinguishable from zero. For
previously insured households, receiving a cash transfer increases the likelihood of repurchasing
insurance during the 2021 sales period. These findings suggest that, in our context, anticipatory
assistance does not need to crowd out insurance demand and may reinforce participation among

households already engaged with the product.

Our analysis contributes to the literature in several ways. First, we extend the literature on
charity hazard in disaster assistance. While theory posits that individuals’ expectations of public
disaster assistance reduce incentives for private risk management, empirical findings remain
inconsistent. Existing research documents negative effects of disaster assistance on insurance
demand in the US (Davlasheridze and Miao, 2019, Deryugina and Kirwan, 2018, Landry, et al.,
2021, Robinson, et al., 2021), the Netherlands (van Asseldonk, et al., 2002), Italy (Miglietta, et al.,
2020), Germany (Andor, et al., 2020), and Austria (Raschky, et al., 2013), but finds no effects in
Vietnam (Ngoc Que Anh, et al., 2019) and even positive effects in Germany (Philippi and Schiller,
2024) and the US (Bhattacharyya, et al., 2024, Petrolia, et al., 2013). This heterogeneity may reflect
differences across studies in the type of insurance considered (hypothetical versus market-based
products), the measurement of insurance uptake (willingness-to-pay versus realized purchases),

and the unit of analysis (from the household to regional level). Moreover, Andor, et al. (2020) and



Tesselaar, et al. (2022) emphasize the importance of policy context: both the predictability of public
disaster support and the requirements for minimum insurance coverage as a precondition for
assistance vary substantially across countries. Finally, the identification of causal effects is
challenging. While prior studies rely on quasi-experimental designs, our study is the first to

examine the presence of charity hazard with a randomized experiment.

Second, we contribute to the literature on demand for index-based weather insurance. Prior
studies show that alleviating liquidity constraints can increase insurance demand (Cole, et al., 2013,
Hill, et al., 2016, Karlan, et al., 2014, Matsuda, et al., 2019). We extend this literature by focusing
on a particular type of cash assistance, i.e. anticipatory cash transfers delivered during a weather
disaster. This setting allows us to examine how insurance demand responds to an independently
implemented program that targets the same climate risk as the insurance product itself.
Furthermore, while a substantial literature has examined determinants of initial adoption of index
insurance, there is little evidence on insurance demand in more mature markets. Leveraging
insurance records spanning up to nine years prior to the intervention, we examine how an
exogenous income shock during a climate disaster affects repurchase decisions. Our results
highlight that responses to assistance can differ by prior insurance experience, with suggestive
evidence that cash transfers increase demand for insurance among households that have already
engaged with the insurance product. These findings underscore the importance of distinguishing

between initial uptake and renewal when evaluating insurance demand.

Third, this study contributes to the emerging literature on the effectiveness of anticipatory
humanitarian assistance. Existing research documents its impacts on welfare outcomes, including
household assets, food consumption, and mental health (Gros, et al., 2019, Gros, et al., 2022,
Mogge, et al., 2025, Pople, et al., 2024, Pople, et al., 2025). We extend this literature by providing
results on how anticipatory humanitarian assistance influences households’ private investments in

climate risk management through insurance.

2. Winter disasters and climate adaptation in Mongolia

Mongolia is increasingly affected by extreme weather events. Extremely cold and snowy
winters following dry summers cause massive livestock mortality and threaten the livelihoods of
households involved in animal husbandry (Nandintsetseg, et al., 2018). The extreme winters

0f1999/00, 2000/01, and 2001/02 resulted in the deaths of over 11 million livestock. Similarly, the



2009/10 winter led to the loss of around 10 million livestock, equivalent to approximately 23% of
the country’s total livestock population (UNDP, 2025). More recently, the 2023/24 winter caused
the loss of around 8 million livestock and a 27% decline in agricultural GDP (ibid.). Less severe
or more localized winter disasters occurred in 2015/16, 2017/18, 2019/20, 2020/21, and 2022/23.
Extreme winter events have been shown to negatively impact the well-being of households that
rely on herding (e.g., Fluhrer and Kraehnert, 2022, Groppo and Kraehnert, 2016, 2017) and

contribute to outmigration from affected areas (Roeckert and Kraehnert, 2022).

Over the past twenty years, Mongolia has been a leader in piloting and scaling instruments
for managing climate risk. Following the series of extreme winters in the early 2000s, the
Mongolian Government developed the index-based livestock insurance with technical support
from the World Bank (World Bank, 2016). IBLI was scaled up to the national level in 2012 and
has since been available in all 339 districts. IBLI policies are sold by commercial insurance
companies and, since 2017, also by two commercial banks. IBLI covers the risk of livestock losses
occurring during the winter season. The index is district-level livestock mortality, calculated using
data from the annual Mongolian Livestock Census conducted in December and a mid-year
livestock survey conducted in June. An insured household receives an indemnity payment if the
mortality rate of the insured species in its district exceeds a predefined threshold of 5% or 6%,
regardless of whether the insured household incurred any losses. Insurance coverage can be
purchased for each of the five commonly held species: sheep, goats, cattle, horses, and camels.
Households choose the number of animals to insure and the share of the animal’s market value to
be covered, ranging from 1% to 100%.> IBLI policies are sold between January and June, when
neither herders nor insurance companies and banks can predict weather conditions for the
upcoming winter, thereby limiting adverse selection. Indemnity payments are made to insured
households in August of the following year. Between 2012 and 2023, annual uptake of IBLI among
pastoralist households in the three surveyed provinces in western Mongolia ranged from 6.8% to

20.3% (Fig. A1, Panel A in the Appendix).

Mongolia is also among the global pioneers in the adoption of anticipatory humanitarian

assistance. It was one of the first countries where forecast-based risk projections triggered

3 See Mogge and Kraehnert (2025) for details on the IBLI rollout, the calculation of premiums and payouts, and

the data used to calculate the index.



assistance to households during the extreme winter of 2017/18 (IFRC, 2020). In Mongolia,
anticipatory assistance is based on risk projections generated by the Information and Research
Institute of Meteorology, Hydrology, and Environment (IRIMHE) and Nagoya University
(Nandintsetseg, et al., 2018). These projections categorize the risk of extreme winter conditions
into five levels, ranging from very low to very high, at a fine spatial resolution. They are based on
14 indicators, including forecasted winter temperature, snow depth, and rainfall during the previous
summer. Risk projections are published as maps at the beginning of each winter, in November, and
are updated throughout the winter season. Government agencies and humanitarian organizations
use these projections for guiding their anticipatory programming. Based on the projected risk
levels, anticipatory assistance for pastoralist households was triggered in the winters of 2017/18
(provided by the International Federation of Red Cross and Red Crescent Societies (IFRC) and
FAO), 2018/19 (provided by World Vision and Save the Children), 2019/20 (provided by IFRC
and FAO), 2022/23 (provided by World Vision and IFRC), and 2023/24 (provided by World
Vision, IFRC, and FAO).*

In 2020/21, the winter of interest in this study, IRIMHE’s risk projections indicated a high
risk of extreme winter conditions for several regions of Mongolia. The risk map published on
November 20, 2020, classified 85% of the country as being at risk, with particularly high risk in
the central and western regions (IRIMHE, 2021). An updated risk map published on January 10,
2021, showed a further increase in projected risk levels. In response, three organizations — IFRC,
FAO, and World Vision — implemented anticipatory humanitarian assistance programs in

Mongolia during the 2020/21 winter.

3. Empirical approach

Experimental design

This study is based on a randomized field experiment that we conducted during the 2020/21
winter disaster in western Mongolia, previously analyzed in Mogge, et al. (2025). The intervention
was part of an evaluation project funded by the German Federal Foreign Office that aimed to study
the impact of anticipatory cash transfers distributed by PIN on household welfare. The impact

evaluation study revealed that the receipt of anticipatory cash transfers significantly improved the

For details on the number of recipients targeted and the type of assistance provided, see Mogge, et al. (2025).
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wellbeing of poorer households that owned less than 300 animals before the disaster (ibid.). For
this socioeconomic group, the receipt of cash transfers increased their post-disaster herd sizes,
herd-related investments, and home consumption of livestock. No significant impacts were

detected when analyzing the full sample, which included wealthier pastoralists with larger herds.

Building on the same field experiment, this study investigates whether the receipt of
anticipatory humanitarian assistance affects households’ demand for index-based livestock
insurance. The randomized anticipatory cash transfer intervention targeted households that met
three eligibility criteria. (1) Each household was required to participate in the Coping with Shocks
Survey (see description below). (2) Each household was required to reside in areas classified as
facing very high, high, or medium risk of extreme winter conditions, according to the IRIMHE risk
projection published on January 10, 2021. All survey households fulfilled this criterion. (3) Each
household was required to own livestock, as the intervention specifically targeted pastoralist

livelihoods.

In the first week of February 2021, randomization was carried out. At that time, wave 4 of
the Coping with Shocks Survey was still ongoing, and data were available for approximately half
of the sample. For the remaining households, data from wave 3 were used to determine eligibility.
In total, 925 households fulfilled all three eligibility criteria. Of these, 421 were randomly assigned
to the treatment group and 504 to the control group. Randomization was conducted at the sub-
district level. Households in the treatment group were designated to receive an unconditional
anticipatory cash transfer with an average value of USD 238. For comparison, the average IBLI

premium paid in 2020 by purchasing households in western Mongolia was approximately USD 37.

Between February 15 and March 1, 2021, the NSO conducted a short pre-intervention
survey among households selected for treatment. Enumerators successfully located and surveyed
381 out of the 421 households selected for treatment. The survey collected bank account
information and assessed potential obstacles to accessing the local bank branch. All surveyed
households reported owning a bank account and indicated that they did not require assistance in
accessing their bank branch. All treatment households consented to participate in the study.
Enumerators informed them that they had been randomly selected to receive a cash transfer from

PIN within the next weeks.



On March 15, 2021, PIN transferred the cash assistance to the bank accounts of the
381 recipient households. Households were subsequently notified by phone call or text message

that the transfers had been completed.’

The timing of the intervention coincided with the 2021 IBLI sales period, which lasted from
January 1 to June 30 (Fig. 1). During this period, households decided whether to purchase insurance
coverage for potential livestock losses in the next winter season, from December 2021 to June
2022. Most households tend purchase IBLI policies toward the end of the sales period: Between
2017 and 2021, 46% and 23% of policies in western Mongolia were purchased in June and May,
respectively, according to IBLI customer data. The overlap between the 2021 IBLI sales period
and the randomized distribution of the cash transfers allows us to estimate the effect of anticipatory
cash transfers provided in response to the 2020/21 winter risk on households’ subsequent demand

for insurance covering risks in the 2021/22 winter.

Fig. 1: Timeline of data collection, insurance season, extreme winter event and
anticipatory cash transfer intervention

[ Panel wave 4 ] [ Panel wave 5 ] Coping with Shocks Survey

2021 IBLI 2021 IBLI
sales period coverage period

Index-based Livestock Insurance

Anticipatory cash transfer

2020/2021
winter

|\\\\\\\\\\\|\\\\\\\\\\\\\\\\\\\\\\|>

Extreme winter event

—— Y~ Y

2020 2021 2022

Source: The authors.

For a detailed description of the experiment and the definition of the sample, see Mogge, et al. (2025).
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Data

This study integrates four distinct data sources, described in detail below. First, the Coping
with Shocks in Mongolia Household Panel Survey is the foundational dataset, as the cash transfer
intervention was randomized among sampled households. Second, the IBLI customer database
provides the key outcome variable, insurance uptake, for households in the survey sample. Third,
the Mongolian Livestock Census is utilized to construct a measure of the realized severity of the
2020/21 winter. Fourth, official projections from IRIMHE on the risk of extreme winter conditions

during the 2020/21 season are used as measure of ex ante risk.

The Coping with Shocks Survey was implemented by the authors in collaboration with the
National Statistical Office of Mongolia (NSO) (Kraehnert, et al., 2022). The panel survey
comprises five waves collected in the neighboring western Mongolian provinces of Govi-Altai,
Zavkhan, and Uvs. Within these provinces, household survey data were collected in 49 of
63 districts. The sample was drawn using a stratified three-stage design based on the 2010
Population and Housing Census. The resulting sample of 1,768 households in wave 1 is
representative of both the rural and urban populations in each of the three survey provinces.® The
first three waves were collected between 2012 and 2015, the fourth between June 2020 and May
2021, and the fifth between June 2021 and May 2022. The survey follows a rolling design, with
one-twelfth of the sample interviewed each month to ensure seasonal coverage. In each wave,
households were surveyed in the same calendar month. We construct several household-level

control variables from the survey data, which are described at the end of this section.

The outcome of interest is whether households in the Coping with Shocks sample purchased
IBLI during the 2021 sales period, from January to June 2021. This coverage insured households
against weather-related livestock losses occurring between December 2021 and June 2022.
Administrative data on annual insurance purchases were obtained from the IBLI customer
database, maintained by MongolianRe. The database contains policy-level records of all insurance
contracts issued each year, including the timing of the purchase and the policyholder’s unique

national identification number. The NSO matched these records to the Coping with Shocks Survey

See Mogge, et al. (2025) for details on the sampling.

11



data using the national identification number of the survey household heads in 2021.7 Merging
these two data sources yields comprehensive and reliable information on the insurance history of
sample households from 2012 to 2021. Unlike existing studies, which typically rely on self-
reported insurance purchase information collected in household surveys (e.g., Andor, et al., 2020,
Hill, et al., 2016), our study is based on administrative records and is therefore not subject to recall

error or misreporting.

To approximate the realized intensity of the 2021/22 winter, we use data from the
Mongolian Livestock Census. Conducted annually in December by the NSO, the census collects
species-specific information from all livestock-owning households on current herd sizes and the
number of animals that died during the preceding 12 months due to unnatural causes. We first
convert livestock holdings and losses into sheep forage units (SFUs), a standardized measure
commonly used in Mongolia to aggregate different livestock species into a comparable metric.®
Then, we calculate district-level livestock mortality in 2021 (in SFU) as a percentage of the number

of adult animals that died due to unnatural causes relative to the 2020 stock of livestock.’

Lastly, we draw on IRIMHE s risk projection for extreme winter conditions, published on
January 10, 2021, to construct a district-level measure of predicted risk. Districts are classified as
having a medium, high, or very high projected risk based on the risk category that covers the largest

share of their area.

Sample definition

Once complete wave 4 data became available, we verified the eligibility of households to
the intervention ex post and restricted the sample slightly (Table A1 in the Appendix). Of the

925 households initially identified as eligible at the time of randomization, 95 were found to have

7 We define a household as having purchased insurance in a given year if the registry ID of the survey household

head (as recorded in 2021) appears in the administrative records for that year. Households without a corresponding
match in the customer database are coded as non-purchasers in our data.

8 Sheep forage units provide a standardized way to compare the annual feeding needs of various livestock, using

the requirement of one sheep as the baseline (365 kg of forage per year). One sheep is equivalent to one SFU; one goat

to 0.9 SFUs; one cow to six SFUs; one horse to seven SFUs; and one camel to five SFUs.
’ When calculating the district-level mortality rate, we excluded the sub-district in which a sample household

resides to prevent the measure from being influenced by sample households.
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been misclassified: they either no longer owned livestock, had moved outside the survey area, or

had attrited from the survey. These households are therefore excluded from the analysis.

In addition, we excluded 20 households that purchased insurance in the 2021 IBLI sales
period prior to receiving anticipatory cash transfers, as the intervention could not have influenced
their purchase decisions.!” The final sample used in the analyses presented below includes
368 households selected for treatment living in 50 sub-districts and 442 control households living
in 58 sub-districts. In the robustness section below, we assess the sensitivity of our results to

alternative sample restrictions.

Descriptive statistics

Table 1 presents summary statistics for the outcome variable, indicators for households’
previous experience with IBLI, and measures of predicted and realized winter intensity for the final
sample of 810 households used in the main analysis. During the 2021 IBLI sales period,
approximately 18% of sample households purchased IBLI, the outcome of interest. This is similar
to the 19% who purchased coverage in 2020, the year before the intervention. Between 2012 and
2020, about 47% of households in the sample purchased IBLI at least once. On average, households
purchased IBLI in 1.39 years over this period, and less than 1% purchased IBLI in every year from
2012 to 2020. On average, households in the sample received an insurance payout 0.17 times
during the 2013-2020 period. Most sample households (about 61%) lived in districts with high
projected risk levels for the 2020/21 winter, while 20% lived in areas projected to be at very high
risk. Actual livestock mortality per district in 2021, our preferred measure of realized risk, indicates

strong spatial variation in realized winter intensity, ranging from 0% to 20.3%.

Next, we examine the persistence of annual IBLI uptake over the 2012-2021 period in our
sample (Table A2). The data reveal a moderate and statistically significant positive correlation
between insurance purchase in one year and uptake in the subsequent year, with correlation
coefficients exceeding 0.32. To further explore this pattern, Table A3 presents the conditional
probability of IBLI uptake in 2021 and 2020, given uptake in the previous year. Specifically, 44%
of households that purchased IBLI in 2020 repurchased it in 2021 (Panel A), while 52% of those
who purchased in 2019 did so again in 2020 (Panel B). We find that 44% of households that

10 If households purchased multiple policies at different times, we consider the date of the first purchase.
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purchased IBLI in 2020 repurchased it in 2021 (Panel A), and 52% of those who purchased in 2019
did so again in 2020 (Panel B). These patterns indicate substantial persistence in insurance

participation.

Table A4 in the Appendix assesses balance between treatment and control groups with
respect to experience with IBLI, household characteristics, and risk exposure. While the two groups
are generally well balanced, four variables exhibit notable differences. First, conventional
hypothesis tests reveal statistically significant differences in the gender of the household head and
household size. Second, normalized differences in means (Imbens and Rubin, 2015) identify two
further imbalances: treatment households are less likely to live in a provincial center and more
likely to reside in districts with medium projected risk levels, both exceeding the 0.2 threshold. To
account for these imbalances, we include these four variables as controls in our regression analyses.
A joint F-test across all variables included in the balance assessment is significant at the 1% level.
However, when variables controlled for in the empirical analysis are excluded, the F-statistic falls
to 0.55 and is no longer significant at conventional levels. This pattern suggests that the detected
imbalances are concentrated among covariates that enter directly as controls in the regression and

are thus accounted for in the analysis.

Fig. Al in the Appendix compares the share of pastoralist households that purchased IBLI
over time in different data sources: Panel A displays data on the whole population of pastoralist
households in western Mongolia, calculated from the Mongolian Livestock Census. Panel B
displays data on the sample of pastoralist households included in the Coping with Shocks Survey.
Both figures display comparable trends in IBLI uptake over time, even when considering each of
the three western Mongolian provinces separately. We take this as supportive evidence that the
Coping with Shocks Survey provides a reasonable representation of the population of pastoralists

living in western Mongolia.
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Table 1: Summary statistics

Mean 2:3/ Min Max N

Qutcome

Household purchased insurance in 2021 sales period 0.18 0.38 0 1 810
Experience

Household purchased insurance in 2020 sales period 0.19 0.39 0 1 810

Number of years in which household purchased insurance between 2012-2020 1.39 1.90 0 9 810

Household received insurance payout in August 2020 0.01 0.11 0 1 810

Number of years in which household received insurance payout between 2013-2020 0.17 0.46 0 2 810
Winter intensity

Livestock mortality rate in district in 2021 (%) 3.05 4.37 0 20.30 810

Predicted risk of extreme winter conditions in district in 2021: very high (0-1) 0.20 0.40 0 1 810

Predicted risk of extreme winter conditions in district in 2021: high (0-1) 0.61 0.49 0 1 810

Predicted risk of extreme winter conditions in district in 2021: medium (0-1) 0.19 0.39 0 1 810

Source: Coping with Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia Livestock Census, and
IRIMHE (2021).
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Empirical specification

To examine the impact of anticipatory cash transfers on insurance uptake, we estimate:

IBLIpsq2021 = Po + Brtreatmentygq + Brexperiencensq + Psrealized riskg + BaXpsa + @p + Ensa

(D)

where IBLIy4 2021 1s an indicator equal to one if household h, residing in sub-district s and
district d, purchased index-based livestock insurance during the 2021 sales period (covering risks
in the winter of 2021/22). Treatment,,; indicates whether the household was randomly assigned
to receive an anticipatory cash transfer in March 2021. The coefficient of interest, 8, captures the
intention-to-treat (ITT) effect.!! Under the charity hazard hypothesis, we would expect f; < 0,

indicating that humanitarian assistance crowds out insurance demand.

Experiencey,,; captures households’ prior insurance purchases. In our baseline
specification, we proxy experience with an indicator for IBLI uptake in the 2020 sales period, the
year preceding the intervention. Realized risk,; measures the severity of the 2020/21 winter event,
proxied by district-level livestock mortality (in SFU). The vector X4 includes household and
district characteristics that are unbalanced between treatment and control groups: female headship,
household size, whether the household lives in the province center, and the projected winter risk at

the district level. Province fixed effects, ¢,, absorb time-invariant provincial characteristics.

Standard errors are clustered at the sub-district level, the unit of randomization.

To test for heterogeneous treatment effects by prior experience, we augment equation (1)

with an interaction between treatment assignment and prior experience:

IBLIysq = Bo + Bitreatmenty,gy + Boexperiencey g + Pz (treatmenty, * experienceyqy) +

parealized risky + BsXpsa + Pp + Ensa (2)

The interaction coefficient [; captures whether the treatment effect differs between

households with and without prior insurance experience. We provide results for an extended set of

1 Of the 368 households selected for treatment in the analysis sample, 359 (98%) received the cash transfer.

Given this high compliance rate, we solely focus on intention-to-treat estimates.
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alternative definitions of experienceys,. In addition to considering uptake in 2020, we define
experience as an indicator equal to one if the household purchased IBLI at least once during
progressively longer pre-intervention windows, beginning with 2019-2020 and extending back to
2012-2020, when IBLI was scaled up nationally. We also consider a continuous measure equal to
the number of years in which a household purchased IBLI between 2012 and 2020. These measures

capture both recent exposure and longer-term engagement with the product.

4. Results

Table 2 reports ITT estimates of how anticipatory cash transfers (received in March 2021)
influenced the uptake of index-based livestock insurance during the 2021 sales period. All
specifications are estimated using OLS. Column 1 presents results from a specification that only
includes province fixed effects. Column 2 adds controls for households’ prior experience with IBLI
(uptake in 2020). Column 3 further controls for realized risk, while col. 4 additionally includes

controls for unbalanced covariates.

The ITT effect of anticipatory cash transfers on insurance demand is small and not
statistically significant across specifications. In our preferred specification (col. 4), the point
estimate is 0.04, with a 95% confidence interval (CI) ranging from -0.02 to 0.10. Thus, we cannot
reject the null hypothesis of no effect on insurance demand. The lower bound of the CI excludes
crowding-out effects larger than 2 percentage points while the upper bound includes increases in
uptake of up to 10 percentage points. The data are therefore consistent with both small negative
and modest positive effects, reflecting limited statistical precision. Results are robust to alternative

definitions of prior insurance experience (Table AS5).

Table 3 presents the ITT estimates from specifications that allow the treatment effect to
vary by prior insurance experience, as outlined in equation (2). Each column reports results from a
specification that interacts treatment assignment with a different measure of prior experience.
Column 1 defines experience, as before, as having purchased IBLI in 2020; cols. 2-9 use
progressively longer time windows (2019-2020 through 2012—-2020); and col. 10 uses the number
of years a household purchased IBLI prior to the intervention. All specifications include the full

set of controls and province fixed effects.

Among households that had not purchased insurance in 2020, the estimated effect of

anticipatory cash transfers on insurance demand is close to zero and not statistically significant,
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with the 95% CI ranging from -0.05 to 0.06 (col. 1). This pattern is consistent across all alternative
measures of insurance experience (cols. 2—10), with estimated treatment effects statistically

indistinguishable from zero.

In contrast, among households with prior insurance experience, the estimated treatment
effects are substantially larger and statistically significant. For households that purchased IBLI in
2020, the total treatment effect — the sum of the main effect and interaction term in col. 1 —is 0.17,
significant at the 5% level (95% CI: [0.00, 0.34]). This pattern of significant differences between
households with and without prior experience, and positive treatment effects among experienced
households, holds across alternative definitions of prior insurance experience. The coefficients of
the interaction term between treatment and prior experience range from 0.11 to 0.16 for binary
measures (cols. 2-9), all statistically significant at the 10% or 5% level. For the continuous measure
(col. 10), each additional year of prior IBLI experience is associated with a 3 percentage point
larger treatment effect, significant at the 10% level. While these results consistently point to a
positive response among households that had previously purchased insurance, the estimates are

imprecise, so we abstain from further interpreting their magnitude.

Overall, our results do not provide evidence consistent with the charity hazard hypothesis,
which predicts that anticipatory cash transfers reduce insurance demand. We find no evidence of
crowding-out, even though the imprecision of our estimates means we cannot rule out small
negative effects. When distinguishing by prior insurance experience, the treatment effect is
statistically indistinguishable from zero for households without prior experience but positive and
significant for those with prior experience, suggesting possible crowding-in among this subgroup.

Confidence intervals remain wide across subgroups.
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Table 2:  Effects of anticipatory cash transfers on insurance uptake (OLS)

Dependent variable: IBLI uptake in 2021
1) 2 3) “)
0.05 0.05 0.04 0.04
Selected for treatment (0.03) 0.03) (0.03) (0.03)
. 0.31™ 0.31™ 0.29™"
IBLI uptake in 2020 (0.04) (0.04) (0.04)
. e e 0.01 0.01
Livestock mortality in district in 2021 0.01) 0.01)
-0.06"
Female-headed household (0.03)
Number of h hold b 0.01
umber of household members ©.01)
Household lives in provi ' 0.01
ousehold lives in province center (0.04)
High predicted risk in district in 2021 -0.09"
igh predicted risk in district in (0.05)
Very high predicted risk in district in 2021 -0.06
Ty ghp (0.06)
Constant 0.08™" 0.05™ 0.04" 0.09
(0.02) (0.02) (0.02) (0.05)
Province FE Yes Yes Yes Yes
R-squared 0.04 0.14 0.14 0.16
Observations 810 810 810 810
IBLI uptake in 2021 in control group 0.15 0.15 0.15 0.15
[-0.02, [-0.01, [-0.02, [-0.02,
0, .
95% CI: selected for treatment 0.12] 0.11] 0.10] 0.10]

Notes: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses; * p <0.1,
** p <0.05, *** p <0.01. Sources: Coping with Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia
Livestock Census, and IRIMHE (2021).
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Table 3:  Effects of anticipatory cash transfers on insurance uptake, by insurance
experience (OLS)
Dependent variable: IBLI uptake in 2021
1 (@) 3) “ % (6) @) (®) ® (10)
Experience defined as: IBLI IBLI IBLI IBLI IBLI IBLI IBLI IBLI IBLI  Number of

uptake in uptake in uptakein uptakein uptakein uptakein uptake in

uptake in uptake in years with

2020 2019-20 2018-20 201720 2016-20 201520 2014-20 2013-20 2012-20  IBLI
uptake
2012-20
Selected for treatment 0.00 -0.02 -0.03 -0.03 -0.01 -0.01 -0.01 -0.02 0.02 -0.01
clected Tor treatme 0.03)  (0.03)  (0.02)  (0.02)  (0.02)  (0.02)  (0.02)  (0.02)  (0.03)  (0.03)
Exeri 021" 021™ 020" 0.9™ 021" 020" 020" 018" 0.8  0.05™
Xperience (0.06)  (0.04)  (0.04)  (0.03)  (0.04)  (0.03)  (0.03)  (0.03)  (0.03)  (0.01)
Selected for treatment 0.17" 016"  0.16" 014" 0.11° 011"  0.11™ 013" 012" 0.03"
x experience (0.09)  (0.06)  (0.06)  (0.05)  (0.06)  (0.06)  (0.05)  (0.05)  (0.05)  (0.02)
Constant 0.10" 0.08 0.05 0.03 0.02 0.02 0.01 0.00 -0.01 0.05
ons (0.05)  (0.05)  (0.05)  (0.05)  (0.05)  (0.06)  (0.06)  (0.06)  (0.06)  (0.06)
Controls and province FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
R-squared 0.17 0.19 0.19 0.18 0.18 0.18 0.18 0.17 0.16 0.17
Observations 810 810 810 810 810 810 810 810 810 810
[-0.05, [-0.07, [-0.08, [-0.07, [-0.06, [0.06, [-0.06, [-0.07, [-0.08, [-0.06,
0, .
95% CL: select. for treat. 0.06] 0.04] 0.02] 0.02] 0.04] 0.03] 0.04] 0.03] 0.03] 0.05]
95% CI: select. for treat. [-0.00,  [0.03,  [0.04,  [0.03, [-0.00, [0.00,  [0.00,  [0.03,  [0.02,  [-0.00,
x experience 0.34] 0.29] 0.28] 0.25] 0.22] 0.22] 0.21] 0.23] 0.22] 0.07]
Selected for treatment 017" 0.14™ 0.12" 0.11" 0.10" 0.10" 0.10" 0.11" 0.10"
if experience=1 (0.09)  (0.06)  (0.06)  (0.05)  (0.05)  (0.05)  (0.05)  (0.05)  (0.05)
95% CI: select. for treat. [0.00,  [0.02,  [0.0l,  [0.00, [-0.01, [-001, [-0.01, [0.0l,  [0.00,
if experience=1 0.34] 0.27] 0.24] 0.22] 0.20] 0.21] 0.20] 0.21] 0.19]
Share of experienced 0.19 0.29 0.36 041 0.44 045 048 0.50 0.52
households
IBLI uptake in 2021 in
control group 0.35 0.31 0.29 0.28 0.27 0.27 0.26 0.25 0.24
if experience =1
IBLI uptake in 2021 in
control group 0.11 0.09 0.08 0.07 0.06 0.06 0.05 0.05 0.05

if experience =0

Notes: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses; * p <0.1,
** p <0.05, *** p <0.01. Sources: Coping with Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia
Livestock Census, and IRIMHE (2021).
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Robustness

We conduct a series of robustness checks to assess the stability of our main findings, with
attention to (i) inference with limited number of clusters, (ii) pre-treatment balance and placebo

tests, (ii1) post-treatment persistence, and (iv) alternative sample restrictions.

Treatment is assigned at the sub-district level and our main specifications cluster standard
errors accordingly. To address potential finite-sample concerns with cluster-robust inference,
Table A6 reports wild cluster bootstrap p-values and confidence intervals based on 10,000
replications with Rademacher weights (Roodman, et al., 2019). Wild bootstrap inference yields
results consistent with our main findings: the ITT estimate in the non-interacted model remains
insignificant (p-value: 0.24, 95% CI: [-0.02, 0.10]), while the interaction effects are significant at
the 5% or 10% level across specifications. Furthermore, we examine the sensitivity of the main
results to potential outliers at the cluster level, by re-estimating the main specifications 108 times,
each time excluding one sub-district. The range of leave-one-cluster-out (LOCO) results for the
main ITT effect (Fig. A2) and interaction effect (Fig. A3) supports our main findings. The LOCO-
ITT effects for our main specifications range from 0.02 to 0.04 and are not significant at
conventional levels (Fig. A2). The LOCO interaction effects are positive and significant at the 5%
or 10% level across alternative definitions of experience (Fig. A3).!? These exercises suggest that
our findings are not driven by inference concerns due to the limited number of clusters or influential

sub-districts.

Next, we investigate pre-treatment balance with placebo tests using data on pre-treatment
uptake decisions as outcomes. We estimate our main specifications for IBLI uptake in each year
from 2012 through 2020 and report results in Fig. A4. If treatment assignment were correlated with
pre-existing purchasing trends or household characteristics, we would expect to find spurious
placebo “treatment” effects in these pre-treatment years. Panel A shows that placebo treatment
effects from the baseline specification (corresponding to Table 2, col. 4) are not statistically
significant at conventional levels, although we observe marginally significant coefficients for 2018
(0.05; p-value: 0.10) and 2019 (0.04; p-value: 0.15). Panel B differentiates these placebo estimates

by 2020 experience status (corresponding to Table 3, col. 1). The results reveal that these patterns

12 For the 20162020 binary experience measure, two of 108 re-estimations yield p-values > 0.10; for the

continuous experience measure, four of 108 re-estimations yield p-values in the same range.
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are concentrated among specific subgroups: treatment households not purchasing in 2020 exhibit
somewhat higher insurance uptake in 2018 than comparable control households (0.06, p-value:
0.09), while treatment households that buy in 2020 also purchase more insurance in 2019 than

comparable control households (0.11, p-value: 0.19).

To address concerns that these pre-treatment imbalances may confound our 2021 estimates,
we re-estimate our main specifications with additional controls for prior IBLI uptake. Table A7
shows results controlling for: (i) 2019 uptake only, (i1) 2019 and 2018 uptake, and (iii) all years
2012-2019 individually. The main effect remains of similar magnitude as in our baseline
specification, ranging from 0.02 to 0.03 with 95% Cis ranging between -0.03 and 0.09. The
interaction effects range between 0.15 and 0.16 and remain significant at the 10% level, providing

reassurance that our findings are unlikely to be driven by pre-existing imbalances.

Figure A4 also reports estimates for insurance uptake in the 2022 and 2023 sales periods,
extending the analysis beyond the intervention year. These post-intervention estimates should be
interpreted cautiously. First, unlike the 2021 specification, we cannot control for lagged insurance
uptake without introducing post-treatment endogeneity, leaving the 2022 and 2023 models less
tightly specified. Second, sample composition may change over time. Household-level IBLI
purchase data come from administrative records, where non-appearance could reflect either non-
purchase or exit from herding. Some sample households may have exited herding following the
2020/21 winter disaster, for whom IBLI is no longer a relevant investment. Because wave 5 of the
Coping with Shocks Survey ended in June 2022, we lack information on livestock ownership during
the 2023 IBLI sales period. Moreover, suggestive evidence in Mogge, et al. (2025) indicates that
anticipatory cash transfers reduced the likelihood of households exiting herding during the 2021/22
winter disaster. Third, matching between survey households and the IBLI customer database was
conducted only through 2021, making information on purchases in 2022 and 2023 less precise if
heads of households change. Finally, another high-intensity winter occurred during the 2022/23
season, ' overlapping with the 2023 sales period, which may further confound estimates if disaster

intensity varied across treatment and control groups or by prior insurance experience.

13 During the 2022/23 winter, national livestock mortality reached 4.9 million animals, equivalent to 7% of the

national herd (UNDP, 2025). By February 2023, 191,000 pastoralist households were reported to be affected by
adverse winter conditions (United Nations Resident Coordinator for Mongolia, 2023).
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With these limitations in mind, Fig. A4 shows no statistically significant effects of cash
transfers on insurance uptake in 2022 (Panel A) and no systematic heterogeneous effects with
respect to prior insurance experience (Panel B). Results for 2023 are more heterogeneous. We again
do not see statistically significant effects of cash transfers on overall insurance uptake. However,
in the interacted specification, we find a significantly lower insurance uptake among treated
households without prior insurance experience. We view these results as suggestive of potential
longer-run dynamics but focus our conclusions on the 2021 estimates, where identification is

cleanest.

Finally, we examine the robustness of results to alternative sample definitions. In Table A8,
we re-estimate our main specifications in an increased sample where we add the eight households
that purchased insurance after the pre-intervention survey but before the disbursement of cash
transfers. In Table A9, we estimate the main specifications using the full set of households meeting
the eligibility criteria based on completed wave 4 data from the Coping with Shocks Survey, thereby
including an additional 20 households that purchased IBLI during the 2021 sales period prior to
receiving the anticipatory cash transfers. Third, in Table A10, we employ information from endline
interviews and exclude households that attrited between waves 4 and 5 (N=15), as well as those
who, according to wave 5 interviews, no longer engaged in herding (N=39). Across all
specifications with the above-described sample restrictions, the results remain qualitatively

unchanged relative to the main analysis.

Spatial heterogeneity by historical risk

The preceding analysis examined household-level responses to anticipatory cash transfers.
Here, we shift our focus to the implications for the insurance pool. For insurers, the sustainability
of index insurance depends on the risk composition of the pool of insured households. If treatment
effects vary systematically with historical exposure to weather risk, the intervention may alter the
risk profile of the insurance pool. Differences in historical risk exposure may have influenced
households’ perceptions of risk and the perceived value of insurance coverage. In particular, a
higher record of insurance payouts following extreme winters could have built trust in the insurance
product. These factors may generate spatial heterogeneity in how households utilize anticipatory
cash transfers. Theoretically, such transfers could disproportionately increase insurance uptake in

high-risk districts — raising concerns about adverse spatial selection — or in low-risk districts, which
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would diversify the pool and reduce risk concentration. To investigate these dynamics, we estimate

the following model:

IBLIysq = Bo + Bitreatmentygy + Bohistoric risky + Bz (treatmenty,, * historical risky) +

Bsexperiencensq + Psrealized risky + PeXpsar + ©p + Ensa 3)

We measure historical risk at the district level using three proxies: mean livestock mortality
over two periods (2000-2020 and 2012-2020) and the number of years in which the IBLI payout
trigger was met in a household’s district of residence in the 2013-2020 period. Table 4 presents the
results. Across all specifications, the estimated coefficients for the interaction between historical
risk and treatment are consistently small and statistically indistinguishable from zero. Hence, there
is no evidence that the cash transfer differentially increased insurance uptake in districts with higher
historical livestock mortality or more frequent payout-triggering events. From the perspective of
the insurer, the intervention appears not to have systematically altered the spatial risk composition

of the insured pool in the short run.
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Table 4:  Effects of anticipatory cash transfers on insurance uptake, by historical risk

(OLS)
Dependent variable: IBLI uptake in 2021
(M @ 3 “ ®) (6)
Historical risk defined as: Mean livestock mortality ~ Mean livestock mortality Number of years with

in district (2000-2020) in district (2012-2020) IBLI payouts in district
(2013-2020)

Selected for treatment 0.04 0.03 0.05 0.03 0.04 0.03
clected for treatmen (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

C 0.02 0.01 0.02 0.00 0.03 0.02
Historical risk (centered) 0.01) 0.01) (0.02) (0.02) (0.02) (0.02)
Selected for treatment x 0.04 0.04 0.04 0.04 0.05 0.04
historical weather risk (centered) (0.03) (0.03) (0.05) (0.04) (0.04) (0.03)
. 0.28™ 0.29™ 0.28™
IBLI uptake in 2020 (0.04) (0.04) (0.05)
. o 0.01 0.01" 0.01"
Livestock mortality in district (0.01) 0.01) (0.01)
Constant 0.06™" 0.04 0.07"" 0.08 0.07"" 0.07
(0.02) (0.06) (0.02) (0.05) (0.02) (0.05)

Controls No Yes No Yes No Yes

Province FE Yes Yes Yes Yes Yes Yes
R-squared 0.06 0.17 0.05 0.16 0.06 0.17

Observations 810 810 810 810 810 810

95% CI selected for treatment [-0.02,0.11] [-0.03,0.09] [-0.02,0.12] [-0.03,0.09] [-0.02,0.11] [-0.03,0.09]

95% CI: selected for treatment x

historical tisk [-0.01,0.10] [-0.02,0.09] [-0.05,0.13] [-0.04,0.13] [-0.02,0.12] [-0.03,0.11]

Note: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses; * p < 0.1,
**p <0.05, *** p <0.01. The three measures of historical risk are centered around their respective sample means. Sources: Coping
with Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia Livestock Census, and IRIMHE (2021).
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5. Discussion

Our findings should be interpreted in light of several considerations: the specific context of
Mongolia, the constraints of the survey data and research design, and the time horizon of the

analysis.

Several features of Mongolia’s institutional and risk environment likely shaped the
observed results. First, disaster assistance, whether anticipatory or ex post, remains incomplete and
uncertain in Mongolia. This unpredictability may limit crowding-out effects, as households cannot
form strong expectations of guaranteed compensation, a key assumption of the charity hazard
concept (Raschky, et al., 2013, Robinson, et al., 2021, Tesselaar, et al., 2022). Second, the design
of IBLI is critical: because payouts are triggered by district-level indices, compensation is not
contingent on individual losses. This feature may reduce the perceived substitutability between
humanitarian assistance and index insurance compared to indemnity-based insurance. Third, IBLI
has been available nationwide for over a decade, with stable delivery channels and intensive
marketing. In this institutional setting, anticipatory cash transfers may have reinforced households’
perceived value of formal risk management rather than substituted for it. These conditions,
however, may not generalize beyond Mongolia. In contexts where climate risks are less immediate,
index insurance products are newly introduced, or trust in insurers is low, the interaction between
humanitarian assistance and insurance demand could differ. Likewise, in contexts where public
disaster assistance is institutionalized, predictable, and perceived as comprehensive, the incentives

for private risk management could evolve differently.

The available data and research design impose two main limitations on interpretation. First,
we lack detailed measures to investigate potential channels that could explain the observed
relationship between receiving anticipatory cash transfers and insurance uptake. Anticipatory cash
transfers may have raised households’ expectations about future disaster assistance, as predicted
by the charity hazard hypothesis. At the same time, the transfers may have relaxed short-term
liquidity constraints during the sales period or increased the salience of winter risk following the
disaster, thereby positively affecting demand. Because we lack detailed measures of households’
expectations about future disaster assistance, liquidity constraints, or perceived climate risk, we
cannot distinguish between these mechanisms and can only assess the net effect on insurance
demand. Accordingly, the heterogeneous patterns should be interpreted as consistent with

differential behavioral responses to assistance across groups with different levels of experience,
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rather than as evidence on a specific mechanism. Second, treatment assignment at the sub-district
level (N=108 clusters) affects inference, precision, and power. To address inference concerns, we
complement clustered standard errors with wild cluster bootstraps and leave-one-cluster-out
analyses, all of which yield results consistent with our main findings. We also emphasize the range
of effects implied by our confidence intervals and avoid overinterpreting the magnitude of the point

estimates.

The analysis primarily focuses on short-run effects, identifying impacts for the insurance
sales period that overlaps with the intervention. While we examine insurance uptake for the 2022
and 2023 sales periods, these specifications are less tightly identified due to post-treatment
dynamics and data constraints. Our results therefore speak most clearly to short-run responses to a
single anticipatory assistance episode, leaving open the possibility of longer-run behavioral

adjustments or effects that emerge only after repeated exposure to disaster assistance.

6. Conclusion

Among practitioners and policymakers, anticipatory humanitarian assistance and index-
based weather insurance are widely promoted as tools to help households in LMICs manage climate
risk. Yet evidence on how these instruments interact when they coexist in the same setting is scarce.
To our knowledge, this is the first study to examine the effect of anticipatory humanitarian

assistance on demand for index insurance in a randomized setting.

We exploit a randomized distribution of anticipatory cash transfers to at-risk pastoralist
households during the 2020/21 winter in western Mongolia to assess whether receiving anticipatory
humanitarian assistance affects demand for index-based livestock insurance. Combining household
panel survey data with insurance customer records allows us to precisely measure insurance uptake.
The temporal overlap between the anticipatory cash transfers and the 2021 insurance sales season
enables us to estimate its effect on insurance purchases covering weather risk in the subsequent

winter.

We find no evidence of charity hazard. Although the results cannot rule out small negative
effects (up to 2 percentage points), they are inconsistent with large crowding-out effects that would
raise substantive concerns about the interaction between humanitarian assistance programs and
private risk management through IBLI. Results suggest that the treatment effects are heterogenous:

among households with prior IBLI experience, estimated effects are positive, while among
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previously uninsured households they are statistically indistinguishable from zero. We also do not

find evidence that the intervention affected the spatial risk composition of the insured pool.

Taken together, the findings suggest that, in this context, where humanitarian assistance is
incomplete and index insurance is well-established, anticipatory assistance does not need to
undermine insurance demand and may reinforce participation among previously insured
households. To what extent this pattern generalizes beyond our setting remains an open question.
Results may differ in environments with less mature insurance markets, more institutionalized and

predictable disaster assistance, or different types of climate risk.

Future research should examine how instruments that aim to support households in
managing similar climate risks interact across contexts and longer time horizons. Larger samples
are required to estimate effects with greater precision. Extended panels with repeated exposure to
disaster assistance will be needed to study medium and long-term effects on insurance demand and
portfolio composition, outcomes directly relevant for actuarial sustainability. Household-level data
on perceived weather risk and expectations to receive disaster assistance would allow the

identification of underlying mechanisms.

Understanding how public and market-based risk management tools interact remains
central for climate adaptation policy. Designing systems that are both effective for households and
institutionally sustainable will require careful attention to these interactions, particularly as climate

risks intensify and humanitarian budgets tighten.
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8. Appendix

Fig Al: Annual IBLI uptake rates over time in western Mongolia, by province

Panel A: Share of pastoralist households purchasing IBLI in the whole population of pastoralist
households, by province
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Panel B: Share of pastoralist households purchasing IBLI that are surveyed in main sample, by province
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Sources: In Panel A, the number of insured and the number pastoralist households are obtained from the Mongolian Livestock
Census. In Panel B, the number of insured households is obtained from the IBLI customer database and the number of sample
households from the Coping with Shocks in Mongolia Household Panel Survey.
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Fig A2: Leave-one-cluster-out estimates of the I'TT effect

p-value

b(Selected for treatment)

Notes: The figure reports results from a leave-one-out robustness analysis for the results displayed in Table 2, col 4. Each dot
represents the estimated ITT coefficient alongside its p-value from a regression excluding one sub-district. The blue lines indicate
the full-sample ITT estimate and p-value, and the red horizontal red lines indicate the 5% and 10% significance thresholds. Sources:
Coping with Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia Livestock Census, and IRIMHE
(2021).
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Leave-one-cluster-out estimates of interaction effects
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Notes: Each panel reports results from leave-one-out analyses for the results displayed in Table 3 with alternative measures of
insurance experience. Each dot represents the estimated coefficient alongside its p-value for the interaction between treatment
assignment and insurance experience from a regression excluding one sub-district. The blue lines indicate the full-sample ITT
estimates and p-values, and the red horizontal red lines indicate the 5% and 10% significance thresholds. Sources: Coping with

b(Select. for treat. x IBLI uptake 2012-20)

b(Select. for treat. x # IBLI uptakes 2012-20)

Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia Livestock Census, and IRIMHE (2021).
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Fig A4: Placebo test and persistence of treatment effect on insurance uptake over time

Panel A: Baseline specification (insurance uptake in 2020 as experience measure)
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Panel B: Interaction specification (treatment x insurance uptake in 2020)
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Notes: Each panel shows estimated treatment effects from separate OLS regressions, with IBLI uptake in a given sales period
between 2012 and 2013 as the outcome. Bars indicate 95% Cls. Panel A reports estimates from the baseline specification with the
full set of controls (Table 2, col. 4), while Panel B reports estimates from the interaction specification (Table 3, col. 1). For all years,
insurance experience is measured as having purchased insurance in the 2020 sales period. Sources: Coping with Shocks in Mongolia
Household Panel Survey (waves 4-5), IBLI customer database, Mongolia Livestock Census, and IRIMHE (2021).
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Table A1: Sample

Treatment Control Total
Number of households meeting the eligibility criteria, based on data available in February 2021 421 S04 925
& gty ’ Y (45.5%) (54.5%)
Number of households meeting the eligibility criteria, based on complete wave 4 data 378 452 830
g giorty ’ P (45.5%) (54.5%)
.. . 381
Number of households receiving AHA cash transfers in March 2021 (100%) - 381
(V]
Number of eligible households that did not purchase insurance before the treatment 368 442 310
(sample used in analysis) (45.4%) (54.6%)
Number of sub-districts in which eligible households reside (sample used in analysis) >0 >3 108
g P y (46.3%) (53.7%)

Source: Coping with Shocks in Mongolia Household Panel Survey.
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Table A2: Correlation of IBLI uptake over time, 2012-2021

IBLI uptake in: 2021 2020 2019 2018 2017 2016 2015 2014 2013 2012
2021 1.00

2020 0.33™ 1.00

2019 0.29"" 0.45™" 1.00

2018 0.25™" 0.30™" 0.39"" 1.00

2017 0.19™" 021" 0.38™" 0.35™" 1.00

2016 0.15™ 0.21™ 0.31™ 0.25™" 0.35™ 1.00

2015 0.10™" 0.18"" 0.14™" 0.19"" 0.23"" 0.39"" 1.00

2014 0.12"" 0.10"" 0.16™" 0.20"" 0.21™" 0.29™" 0.45™ 1.00

2013 0.08"™ 0.16™ 0.19™ 0.16™ 0.20™ 0.31™ 0.39™ 0.44™ 1.00

2012 0.07" 0.13"" 021" 0.20™" 0.20™" 0.32"" 0.32"" 0.32"" 0.44™" 1.00

Notes: Pearson correlation coefficients. The sample consists of 810 households used in the main analysis (see Table Al); * p <0.10,
** p <0.05, ¥*** p <0.01. Sources: Coping with Shocks in Mongolia Household Panel Survey and IBLI customer database.
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Table A3: IBLI uptake in 2021 and 2020, by previous year’s uptake

Panel A: Uptake in 2021 conditional on uptake in 2020

IBLI uptake in 2021 =0 IBLI uptake in 2021 =1 Total
. _ 88% 12% 100%
IBLI uptake in 2020 =0 (N=582) (N=76) (N=658)
. _ 56% 44% 100%
IBLI uptake in 2020 =1 (N=85) (N=67) (N=152)
Total 82% 18% 100%
(N=667) (N=143) (N=810)

Panel B: Uptake in 2020 conditional on uptake in 2019

IBLI uptake in 2020 =0 IBLI uptake in 2020 = 1 Total
. _ 90% 10% 100%
IBLI uptake in 2019 =0 (N=578) (N=62) (N=640)
. _ 47% 52% 100%
IBLI uptake in 2019 =1 (N=80) (N=90) (N=170)
Total 81% 19% 100%
(N=658) (N=152) (N=810)

Sources: Coping with Shocks in Mongolia Household Panel Survey and IBLI customer database.
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Table A4: Balance tests

Mean values, Mean values, P-value Normalized
treatment  control group difference
group (N=442)
(N=368)
() 2 3) 4

Experience

Household purchased insurance in 2020 sales period 0.20 0.18 0.58 -0.06

Number of times household purchased insurance between 2012-2020 1.43 1.36 0.74 -0.04

Household received insurance payout in August 2020 0.01 0.01 0.80 -0.02

Household received insurance payout in any year from 2013-2020 0.18 0.16 0.69 -0.05
Household characteristics

Female head of household (0-1) 0.16 0.12 0.05** -0.13

Age of head of household 48.96 49.77 0.39 0.07

Education of head of household: none (0-1) 0.15 0.12 0.23 -0.09

Education of head of household: primary (0-1) 0.26 0.24 0.41 -0.07

Education of head of household: above primary (0-1) 0.59 0.65 0.14 0.12

Household size 4.12 391 0.07* -0.12

Household lives in province center (0-1) 0.14 0.23 0.22 0.23
Winter intensity

Livestock mortality rate in district 2021 (%) 3.52 2.66 0.31 -0.20

Predicted risk of extreme winter conditions in district in 2021: very high (0-1) 0.18 0.22 0.38 0.08

Predicted risk of extreme winter conditions in district in 2021: high (0-1) 0.58 0.64 0.73 0.12

Predicted risk of extreme winter conditions in district in 2021: medium (0-1) 0.24 0.14 0.25 -0.24
Past risk

12\15111131?56 205‘ years in which insurance payouts were triggered in district from 1.76 1.68 053 2010

Mean livestock mortality rate in district from 2012-2020 (%) 1.02 0.89 0.37 -0.14
F-test of joint significance (F-stat) 2.25%%*
F-test, number of observations 810

Notes: Col. 3 displays the p-value from OLS regressions of each variable on the indicator for treatment, controlling for province
fixed effects and clustering standard errors at the sub-district level. Col. 4 reports the normalized difference between the treatment
and control group means; * p <0.10, ** p <0.05, *** p <(.01. Sources: Coping with Shocks in Mongolia Household Panel Survey,
IBLI customer database, Mongolia Livestock Census, and IRIMHE (2021).
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Table AS: Effects of anticipatory cash transfers on insurance uptake with alternative
definitions of insurance experience (OLS)

Dependent variable: IBLI uptake in 2021
M @ 3) 4 (&) (6) (O] ®) (€]
Experience defined as IBLI IBLI IBLI IBLI IBLI IBLI IBLI IBLI Number

uptake in uptakein uptakein uptakein uptakein uptakein uptakein uptakein of years
2019-20  2018-20  2017-20  2016-20  2015-20  2014-20  2013-20  2012-20 with IBLI
uptake
2012-20

0.03 0.03 0.03 0.04 0.04 0.04 0.04 0.04 0.04
(0.03) 0.03)  (0.03)  (0.03)  (0.03)  (0.03)  (0.03)  (0.03)  (0.03)

0.29™" 0.28™" 0.26™ 0.25™" 0.25™ 0.25™" 0.24™" 0.23™" 0.06™"

Selected for treatment

Experience (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) 0.03) (0.0
Constant 0.06 0.03 0.01 0.00 0.00 -0.01 -0.02 -0.03 0.03
(0.05) (0.05)  (0.05  (0.06)  (0.06)  (0.06)  (0.06)  (0.06)  (0.06)
Controls and province FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
R-squared 0.18 0.18 0.17 0.17 0.17 0.17 0.16 0.16 0.16
Observations 810 810 810 810 810 810 810 810 810

[0.03,  [0.03,  [0.03,  [0.02,  [0.02, [-0.02  [0.02  [0.02  [-0.02,

0, .
95% CIL select. for treat. 0.09] 0.08] 0.09] 0.10] 0.10] 0.10] 0.11] 0.10] 0.10]

Share of experienced

households 0.29 0.36 0.41 0.44 0.45 0.48 0.50 0.52

Notes: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses; * p <0.1,
** p <0.05, *** p <0.01. Sources: Coping with Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia
Livestock Census, and IRIMHE (2021).
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Table A6: Effects of anticipatory cash transfers on insurance uptake with wild cluster bootstrap p-values and confidence

intervals (OLS)
Dependent variable: IBLI uptake in 2021
(1) 2) 3) ) (%) (6) @ (8) ) (10 (11)
Experience defined as IBLI uptake in 2020 IBLIuptake IBLIuptake IBLIuptake IBLIuptake IBLIuptake in IBLIuptake in IBLI uptake in IBLI uptake in Number of
in2019-20  in2018-20  in2017-20  in2016-20  2015-20 2014-20 2013-20 2012-20  years with
IBLI uptake
2012-20
Selected for treatment 0.04 0.00 -0.02 -0.03 -0.03 -0.01 -0.01 -0.01 -0.02 -0.02 -0.01
(0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.03)
Exverionc 0.29" 021" 021" 0.20" 0.19" 021" 0.20" 0.20" 0.18™ 0.18" 0.05™"
perience (0.04) (0.06) (0.04) (0.04) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03) 0.01)
Selected for treatment 0.17" 0.16™ 0.16" 0.14* 0.11° 011" 011" 0.13™ 0.12" 0.03"
x experience (0.09) (0.06) (0.06) (0.05) (0.06) (0.06) (0.05) (0.05) (0.05) (0.02)
Constant 0.09 0.10" 0.08 0.05 0.03 0.02 0.02 0.01 0.00 -0.01 0.05
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.06) (0.06) (0.06) (0.06) (0.06)
Controls and province FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
R-squared 0.16 0.17 0.19 0.19 0.18 0.18 0.18 0.18 0.17 0.16 0.17
Observations 810 810 810 810 810 810 810 810 810 810 810
WCB p-value: selected for treatment 0.24 0.89 0.52 021 031 0.68 0.56 0.64 0.41 0.38 0.80
WCB 95% CI. selected for treatment  [-0.02, 0.10] [-0.05,0.06] [-0.07, 0.04] [-0.08,0.02] [-0.07,0.02] [-0.06,0.04] [-0.06,0.04] [-0.06,0.04] [-0.07,0.03] [-0.08,0.03] [-0.06,0.05]
WCB p-value: selected for treatment 0.06 0.02 0.01 0.02 0.07 0.05 0.04 0.01 0.02 0.10
X experience
0, .
WCB 95% CI: selected for treatment [-0.01,0.35] [0.03,0.29] [0.03,0.28] [0.02,0.25] [-0.01,0.22] [0.00,0.22] [0.00,0.21] [0.03,0.23] [0.02,0.22] [-0.01,0.08]

X experience

Notes: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses. The last four lines report wild cluster bootstrap p-values and Cls;
*p<0.1, ** p <0.05, *** p <0.01. Sources: Coping with Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia Livestock Census, and IRIMHE (2021).



Table A7: Effects of anticipatory cash transfers on insurance uptake with additional
controls for previous IBLI uptake (OLS)

Dependent variable: IBLI uptake in 2021
1) 2 3) “4) (5) (6)
Selected for treat t 0.03 -0.00 0.02 -0.01 0.03 0.00
clected for treatmen (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
. 0.217" 0.14™ 0.20"" 0.12° 0.19™" 0.12°
IBLI uptake in 2020 (0.05) (0.06) (0.05) (0.06) (0.05) (0.06)
. 0.15" 0.16" 0.15"
Selected for treatment x IBLI uptake in 2020 (0.09) (0.09) (0.09)
. 0.17™" 0.17"" 0.14™" 0.13™" 0.12" 0.11"
IBLI uptake in 2019 (0.05) (0.04) (0.05) (0.05) (0.05) (0.05)
. 0.12" 0.12"" 0.09™ 0.10™
IBLI uptake in 2018 (0.04) (0.04) (0.05) (0.05)
. 0.05 0.05
IBLI uptake in 2017 (0.05) (0.05)
. 0.06 0.06
IBLI uptake in 2016 (0.05) (0.05)
. 0.01 0.02
IBLI uptake in 2015 (0.06) (0.06)
. 0.08 0.08
IBLI uptake in 2014 (0.05) (0.05)
. -0.03 -0.04
IBLI uptake in 2013 (0.05) (0.05)
. -0.04 -0.04
IBLI uptake in 2012 (0.05) (0.05)
Constant 0.08 0.09° 0.06 0.07 0.04 0.06
(0.05) (0.05) (0.05) (0.05) (0.06) (0.05)
Controls and province FE Yes Yes Yes Yes Yes Yes
R-squared 0.18 0.19 0.20 0.20 0.21 0.21
Observations 810 810 810 810 810 810
95% CIL: selected for treatment [-0.03,0.09] [-0.05,0.05] [-0.03,0.08] [-0.06,0.04] [-0.02,0.09] [-0.05,0.05]
95% CI: selected for treatment
 [BLIwptdko n 2020 [-0.02, 0.33] [-0.01, 0.33] [-0.02, 0.33]
Selected for treatment 0.15" 0.15" 0.16"
if IBLI uptake in 2020=1 (0.09) (0.09) (0.09)
0, .
95% CIL: select. for treat. [-0.02, 0.33] [-0.02, 0.33] [-0.02, 0.33]

if IBLI uptake in 2020=1

Notes: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses; * p <0.1,
** p <0.05, *** p <0.01. Sources: Coping with Shocks in Mongolia Household Panel Survey, IBLI customer database, Mongolia
Livestock Census, and IRIMHE (2021).



Table A8: The effects of cash transfers on insurance uptake in 2021, including households that purchased insurance after pre-

treatment survey (OLS)
Dependent variable: IBLI uptake in 2021
(1) 2) 3) 4 (%) (6) 7 (3) ) (10) 1n
Experience defined as IBLI uptake in 2020 IBLIuptake IBLIuptake IBLIuptake IBLIuptake IBLIuptake in IBLIuptake in IBLI uptake in IBLI uptake in Number of
in2019-20  in2018-20  in2017-20  in2016-20  2015-20 2014-20 2013-20 2012-20  years with
IBLI uptake
2012-20
Selected for treatment 0.04 0.00 -0.02 -0.03 -0.03 -0.01 -0.02 -0.01 -0.02 -0.02 -0.00
(0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.03)
Exverionc 0.30" 021" 021" 021" 0.19" 021" 0.20" 021" 0.19™ 0.18" 0.05™"
perience (0.05) (0.06) (0.05) (0.04) (0.03) (0.04) (0.04) (0.03) (0.03) (0.03) 0.01)
Selected for treatment 0.18" 0.17" 0.15" 0.14* 0.11° 0.12" 0.11" 0.13" 0.12" 0.03"
x experience (0.09) (0.07) (0.06) (0.06) (0.06) (0.06) (0.06) (0.05) (0.05) (0.02)
Constant 0.08 0.10" 0.08 0.05 0.03 0.02 0.02 0.00 -0.00 -0.01 0.05
(0.06) (0.06) (0.05) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Controls and province FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
R-squared 0.16 0.17 0.19 0.20 0.19 0.18 0.18 0.18 0.18 0.17 0.18
Observations 818 818 818 818 818 818 818 818 818 818 818
95% CI: select. for treat. [-0.02,0.10] [-0.05,0.06] [-0.07,0.04] [-0.08,0.02] [-0.08,0.02] [-0.06,0.04] [-0.06,0.03] [-0.05,0.04] [-0.07,0.03] [-0.07,0.03] [-0.06,0.05]
0, .
zsefpgi:fclzm' for treat. [0.00,036]  [0.03,030] [0.02,028] [0.03,026] [-0.00,023] [0.00,023] [-0.00,0.22] [0.03,023] [0.02,0.22] [-0.00,0.07]
Selected for treatment 0.18™ 0.15™ 0.12" 0.12" 0.10" 0.10" 0.10" 0.11™ 0.10"
if experience=1 (0.09) (0.07) (0.06) (0.06) (0.06) (0.06) (0.06) (0.05) (0.05)
0, .
95% CI: select. for treat. [0.00,0.36]  [0.02,028]  [0.00,025]  [0.00,0.23] [-0.01,021] [-0.01,022] [-0.01,021] [0.01,021] [-0.00,0.20]

if experience=1

Notes: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses; * p <0.1, ** p <0.05, *** p <0.01. Sources: Coping with Shocks
in Mongolia Household Panel Survey, IBLI customer database, Mongolia Livestock Census, and IRIMHE (2021).



Table A9: The effects of cash transfers on insurance uptake in 2021 among all households meeting the eligibility criteria, based

on complete wave 4 data (OLS)

Dependent variable: IBLI uptake in 2021
(1) 2) 3) 4 (%) (6) 7 (3) ) (10) 1n
Experience defined as IBLI uptake in 2020 IBLIuptake IBLIuptake IBLIuptake IBLIuptake IBLIuptake in IBLIuptake in IBLI uptake in IBLI uptake in Number of
in2019-20  in2018-20  in2017-20  in2016-20  2015-20 2014-20 2013-20 2012-20  years with
IBLI uptake
2012-20
Selected for treatment 0.04 0.00 -0.02 -0.03 -0.03 -0.01 -0.02 -0.01 -0.02 -0.02 -0.01
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Exverionc 0.31™ 023" 023" 0.23™ 021" 0.22™ 0.22™ 0.22™ 0.20" 0.20™ 0.05"
perience (0.05) (0.06) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.02)
Selected for treatment 0.16" 0.16™ 0.14* 0.14* 0.11° 011" 0.10" 0.13" 0.117 0.03
x experience (0.09) (0.07) (0.06) (0.06) (0.06) (0.06) (0.06) (0.05) (0.05) (0.02)
Constant 0.09 0.11° 0.08 0.06 0.04 0.02 0.02 0.01 0.00 -0.01 0.05
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.07) (0.06)
Controls and province FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
R-squared 0.17 0.17 0.20 0.20 0.19 0.19 0.19 0.19 0.18 0.17 0.18
Observations 830 830 830 830 830 830 830 830 830 830 830
95% CI: select. for treat. [-0.03,0.10] [-0.05,0.06] [-0.07,0.04] [-0.08,0.02] [-0.08,0.02] [-0.07,0.04] [-0.07,0.03] [-0.06,0.04] [-0.07,0.03] [-0.08,0.03] [-0.06,0.05]
0, .
zsefpgi:fclzm' for treat. [-0.02,034] [0.02,029] [0.02,027] [0.02,025] [-0.01,022] [0.00,023] [-0.01,021] [0.02,023] [0.01,022] [-0.01,0.07]
Selected for treatment 0.16" 0.14™ 0.12" 0.11" 0.09 0.10" 0.09" 0.11™ 0.09"
if experience=1 (0.09) (0.06) (0.06) (0.06) (0.06) (0.06) (0.05) (0.05) (0.05)
0, .
95% CIL select. for treat. [-0.01,034] [0.01,026] [-0.01,024] [-0.00,022] [-0.02,021] [-0.01,021] [-0.02,020] [0.00,0.21] [-0.01,0.19]

if experience=1

Notes: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses; * p <0.1, ** p <0.05, *** p <0.01. Sources: Coping with Shocks
in Mongolia Household Panel Survey, IBLI customer database, Mongolia Livestock Census, and IRIMHE (2021).
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Table A10: The effects of cash transfers on insurance uptake in 2021, excluding households that are not participating in wave S or
that are not herders in wave 5 of Coping with Shocks in Mongolia Household Panel Survey (OLS)

Dependent variable: IBLI uptake in 2021
@ @) 3) @ 6)) (6) ©] (©)] )] (10) (11)
Experience defined as IBLI uptake in 2020 IBLIuptake IBLIuptake IBLIuptake IBLIuptake IBLIuptake in IBLIuptake in IBLI uptake in IBLI uptake in Number of
in2019-20  in2018-20  in2017-20  in2016-20  2015-20 2014-20 2013-20 2012-20  years with
IBLI uptake
2012-20
Selected for treatment 0.03 0.00 -0.02 -0.03 -0.03 -0.01 -0.02 -0.01 -0.02 -0.03 -0.01
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.02) (0.03) (0.03) (0.03)
Exverionc 027" 0.20" 0.19° 0.19™ 0.18" 0.19™ 0.19™ 0.19™ 0.17" 0.16™ 0.04°
perience (0.05) (0.06) (0.05) (0.04) (0.04) (0.04) (0.04) (0.03) (0.03) (0.03) (0.01)
Selected for treatment 0.15" 0.16™ 0.15" 0.13" 0.10° 0.11" 0.10" 0.13" 0.12" 0.03°
x experience (0.09) (0.07) (0.06) (0.06) (0.06) (0.06) (0.05) (0.05) (0.05) (0.02)
Constant 0.09 0.10° 0.08 0.05 0.04 0.03 0.03 0.01 0.01 0.01 0.05
(0.06) (0.06) (0.05) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Controls and province FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
R-squared 0.15 0.16 0.18 0.19 0.18 0.17 0.17 0.17 0.17 0.16 0.17
Observations 758 758 758 758 758 758 758 758 758 758 758
95% CI: select. for treat. [-0.03,0.10] [-0.05,0.06] [-0.07,0.04] [-0.09,0.02] [-0.08,0.02] [-0.06,0.04] [-0.07,0.03] [-0.06,0.04] [-0.08,0.03] [-0.08,0.03] [-0.06,0.05]
0, .
zsefpgi:fclzm' for treat. [-0.02,033] [0.03,029] [0.03,027] [0.02,024] [-0.01,021] [-0.00,022] [-0.00,021] [0.03,023] [0.02,022] [-0.00,0.07]
Selected for treatment 0.16" 0.14™ 0.12" 0.10" 0.09 0.09" 0.09" 0.10™ 0.09"
if experience=1 (0.09) (0.06) (0.06) (0.06) (0.06) (0.05) (0.05) (0.05) (0.05)
0, .
95% CI select. for treat. [-0.02,0.33] [0.01,027] [0.00,024] [-0.01,021] [-0.02,020] [-0.02,020] [-0.02,020] [0.01,0.20] [-0.00,0.19]

if experience=1

Notes: Effects from OLS regressions with standard errors clustered at the sub-district level and reported in parentheses; * p <0.1, ** p <0.05, *** p <0.01. Sources: Coping with Shocks
in Mongolia Household Panel Survey, IBLI customer database, Mongolia Livestock Census, and IRIMHE (2021).
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