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BACKGROUND

» Adaptatin and resilence are tw o criticalconcepts i the fed of clin ate
change adaptation.

» The sin ibrites, differences, and relhtbnshps betw een adaptation and
resilience hasbeen discussed.

» No consensus and kss em piricalevience to support ther rehtonships.

» Thi study ain ed to em pirically exam e the Inksbetw een famm ers’ clin ate
change adaptation and clin ate resilience.

» W e furtherdifferentiated tw o categores of clin ate change adaptation
strategis, nam ely, hicrem entaland transfom atie adaptation, and expbres
the effects ofthese types ofadaptation on clin ate resilence.
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Climate Change Adaptation: changes in processes, practices and structures to moderate potential
damages or to benefit from opportunities associated with climate change (UNFCCC, N.D.)

Broad Definition of Resilience

* Holling (1973) originally defined resilience as the ability to persist within an ecological system in
the face of change.

* There are various definitions of resilience among different disciplines.

o The ability of a system and its parts to anticipate, absorb, accommodate, or recover from the
effects of hazardous events in a timely and efficient manner (disaster risk reduction)

o The capacity to restore or maintain economic values, such as farm income, yield, and
productivity, when the economic systems encounter shocks (economic)

* We defined climate resilience as the capacity of the farming unit or agricultural system to cope
with, and adapt to, the social, political, economic, and ecological challenges precipitated by a
changing climate and climatic events.
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Understanding the Links am ong Increm ental, transform ative, and resilience

» Foke ©006) ndiated that clin ate resilence snotonl aboutbeing
persitent ormbust to changig clin ate . & is also about the recom biaton
ofevoled structures and processes, the renew alof the system ,and the
em ergence ofnew ttafctores.

» Undercertain cicum stances, adaptation are posiive for form ulhting
resilence, how ever, the changesm ay beyond the system ‘s ability to absorb
and persst.

» Adaptatin ako adversely affects clin ate resilence.
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Incremental

for the i

o ori
be transformative for society

with the ial to

for society

Moving valuables to a safer
place in the home in a flood-
prone area

Buying flood insurance'?®

Storing food and other items
for emergencies'®

Making a household
evacuation plan'?’

Behaviours below may
impose externalities and
be maladaptive at scale

Behaviours above do not
impose such potential
negative externalities

Installing air conditioning in
response to icheased
temperatures™

Purchasing flood barriers for
private property 2515

Drilling a new well in response
it 157
to water scarcity

Undertaking voluntary
‘migration?>®

Mostly personal benefits

Installing a rain garden to‘
reduce stormwater runoff'?®

Moving agricultural
operations to a more
appropriate climate’

Changing one’s identity by
adopting a new livelihood or
growing a new crop'"'%®

Reducing water use through
Xeriscaping or using drought-
tolerant plants™”

Reducing water consumption
in one’s own home'”

UFIIFAS

Removing flood barriers in
own community to reduce
risk of flooding downstream'*®

Checking on elderly
neighbours or volunteering
in emergency areas
during a heat wave 2157

Assisting in efforts to
increase use of
prescribed fire to reduce
fuel connectivity at large
scales'®®

Personal and collective benefits

UNIVERSITY of FLORIDA 280

Contributing to political
engagement to reduce
vulnerability of munici7pal
water infrastructure™

Initiating eco-villages with
green infrastructure that
attract residents with prosocial
values'®®

Engaging in planning process
to shift from irrigation
agriculture to tourism-based
economy in response to
groundwater depletion®

Working with an NGO to
engage policy makers in ways
that challenge and disrupt
dominant social relations to
produce a more sustainable
future'™

Wilson, R. S., Herziger, A., Hamilton, M., & Brooks, J. S. (2020). From
incremental to transformative adaptation in individual responses to
climate-exacerbated hazards. Nature Climate Change, 10(3), 200-

DATA AND VARIRABLES

Sam pling and Data Collection

» 1200 rice famm ers h Hubei, Chia, durhg the sum m erof2016

» Ten countes

» A muld-stage random sam plng m ethod wasused

= 2-3 townsare random ¥ selkcted from each county
= 2-3vilbgesare random ¥ sekected from each town
= 20-30 householdsare sekcted from each vilbge

» The finalsam pk was com posed of1115 rice fam ers afterexam ning for

ThconsistenciEs I the data and m sshg valies.

» Research EthiralCkarance :Huazhong AgriculturalUnversiy/Universiy of

Fbrida
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STUDY SITES AND SAM PLEDISTRIBUTDN

‘ ‘ Study sites

l:l Hubei Province
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DATA AND VARIRABLES

DependentVariabke

» Cln ate resitience DiFalo & Chavas,2008 ;TekkewoHd etal,2017;Lu1 etal,
2022)

Househod incom e
Farm icom e

Technicalefficiency pproductiviy estin ated by a Stochastic FrontierM odel, L etal,

2022).
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TECHN CALEFFTCENCY

Following Liu et al. (2022), we measured technical efficiency by a stochastic

frontier model. The general form of the stochastic frontier model can be given as (Aigner

etal., 1977):

yvi=xB+vi—u,i=1,..,n (4-1)
Where, y; is the logarithm of the output of household i. We used the per rice yield as the
output variable. x is the vector of the logarithm of inputs. This equation contained six
types of inputs, seeds, fertilizer, pesticides, labor, irrigation, and other inputs (e.g.,
electricity). B is the vector of unknown parameters to be estimated; v; is the random
error term with the assumed distribution of N(0, 6Z). u; represents the inefficiency of the
ith household and usually assumes y; to follow a one-side distribution, exponential
distribution in our case. Because of these assumptions, technical efficiency can be
expressed as TE; = E(—u;), which ranged from 0 to 1. According to Zhu et al. (2021),
we replaced TE; with In[TE; /(1- TE;)], which is not truncated.
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DATA AND VARIRABLES

hdependentVariablks

» Tcrem entaladaptation

= Purchasig crop hisurance ;Adjisting pestice and fertilizer nputs;buidng or
In proving ridges ordikes;adjisting pbnting tin e

» Transform ative adaptation

" Usnhgm Xed crop-livestock system s; rentig h orrenting out hige-proporton of hnd
fn ore than 75% );off-fam em pbym ent; cultivating ratoon rice

Covariates

» Gender;age;educatbnalataim ent; fam experence;fam ily size;
agriculumlBbor;contracted bnd ;paddy;pbts

» The nteractons tem s of covariates

» The quadmtic tem s of continuous covariates
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COVARIATEDEFINITODNS

Variable Definition

Householders’ gender. A dichotomous variable that represents household heads’

gender.
Householders’ age A continuous variable that captures household heads’ age.
Householders’ A continuous variable that measures household heads’
education level educational attainment by years.
Householders’ farm A continuous variable that measures household heads’ farm
experience experience by years.
Family size The number of household members.
Agricultural labor The number of family members who participated in
agricultural production in 2015.
Contracted land The number of contracted lands for the households.
Paddy The number of paddy areas for the households in 2015.
Plots A continuous variable that measures the number of rice

planting plots.
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Table 4-2. Summary statistics

Variable Mean  Standard deviation  Min Max
Household income (thousand yuan) 60.986 130.117 0 4000
Agricultural income (thousand yuan)  28.348 124.801 0 4000
Technical efficiency 0.678 0.222 0.001 0.972
Incremental adaptation 0.625 0.484 0 1
Transformative adaptation 0.430 0.495 0 1
Gender (ref. 1= Male) 0.701 0.458 0 1
Age (year) 55.578 9.129 27 83
Education (year) 6.851 3.468 0 18
Farm experience (year) 35.513 12.041 0 68
Family size (person) 4765 1.757 1 14
Agricultural labor (person) 1973 0.735 0 6
Contracted land (mu) 19.073 36.894 0.3 807
Paddy (mu) 14.750 37.587 0.2 807
Plots 6.622  9.405 1 150

Note: mu is not a standard unit in rural China and varies by region. In this research, we standardized this
unit, i.e., 1 mu = 0.66 ha.
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EM PRICALSTRATEGY

The CondiionalhdependentAssum ption CR)

» To dentify the effects ofadaptation on clin ate resilence,we use the CR,
whih ndicates the outcom e & ndependent of treatm ent condionalon

covarates.

» FCR hols,we can estin ate the average treatm ent effect on the treated
ATT) by ushg the controlgroup and a Inearregression m odelto estin ate
the counterfactualm ean outcom e i the treatm ent.

» The CRA m ustsatisfy one of the two condtons:
®* The regressn m odelis correctly specified
= The distrbution of covarbtesm ustbe the sam e 1 the treatm entand controlgroups
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The Conditional Independent Assumption (CIA)
»To identify the effects of adaptation on
climate resilience, we use the CIA, which
indicates the outcome is independent of
treatment conditional on covariates.
»If CIA holds, we can estimate the average
treatment effect on the treated (ATT) by using
the control group and a linear regression model
to estimate the counterfactual mean outcome in
the treatment.
»The CIA must satisfy one of the two
conditions:
=The regression model is correctly specified
=The distribution of covariates must be the
same in the treatment and control groups

The CIA indicates that the outcome, i.e., climate resilience, is independent of

treatment (adapting to climate change or not) conditional on covariates, which can be
expressed as:
¥P L Dilx; (4-2)

Where, y? denotes the outcome variable with treatment status D, and D = {0,1}.
D; is the treatment variable. In this study, this variable represents rice farmers climate
change adaptation behaviors. Moreover, x; represents a vector of covariates.

Suppose the CIA holds in our case, then we can estimate the average treatment
effect on the treated (ATT) by using the control group and a linear regression model to
estimate the counterfactual mean outcome in the treatment group. That is,

Elyl|Di = 1] = @ + foe @-3)

Where, ¢ denotes the model is estimated with the control group. y; is the mean of
the covariate vector in the treatment group. @; and B, are coefficients to be estimated.

However, the CIA must satisfy one of two conditions when estimating the ATT
(Imbens, 2015): the regression model must be correctly specified, and the distribution of
covariates must be the same in the treatment and control groups. If these conditions do

not hold, we may have a biased estimate of the actual effect of farmers’ climate change

adaptation behaviors on their resilience.
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As Belloni et al. (2014b) suggested, the single-selection lasso method would

produce a relatively small set of variables because it sets coefficients for weak
predictors to zero, which may cause omitted variable bias and poor inference.
Therefore, they proposed a novel estimation and inference method for the treatment
effects of high dimensional data, named the “post-double-selection (PDS)". The PDS
lasso contains three steps: Firstly, selecting a set of covariates that are useful for
predicting the treatment variable. Secondly, selecting additional variables by using the
control variables that predict the outcome variable. Finally, estimating the treatment
effects by a linear regression model based on the outcome, treatment, and selected
control variables. The double-selection procedure would increase the robustness of the
estimation of impacts by reducing the problem that lasso-based covariate selection
excludes covariates that are weakly correlated with treatment, the outcome, or both

(Belloni et al., 2014a, 2014b; Mullally & Chakravarty, 2018; Uehleke et al., 2022).
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EM PRICALSTRATEGY

EM PRICALSTRATEGY

Lasso algorithm and Post-doubk-selection
(PDS) Lasso M ethod

» Belbnietal 014)suggested the shgk-
sekctbn hsso m ethod producesa
rehtively sm allsetof covarates.

» This study used the PDS hsso to sekctthe
covarites.

The linear lasso algorithm minimizes the mean squared error subject to a penalty

on the absolute size of coefficient estimates (Ahrens et al., 2020), that is:

Lasso aorithm and Post-doublk-

N P
- 1 A
Brasso) = argmin= " (vi = xiB)2 +5 "y 16yl
=1 p=1

(a-4)

sekection PDS)Lasso M ethod

» The kastabsolite shrinkage
and sekcton opemator (Bsso)
wasused to correctly specify
the functonalfom .

Where, y; is the outcome variable; x; contains the p potential covariates. g is a
vector of coefficients on x;. f, is the pth element of B. The tuning parameter A controls
the overall penalty level, and ), are predictor-specific penalty loadings (Hastie et al.,
2015). When 2 equals to 0, equation (4-4) reduces to the OLS estimator. The number of
no-zero coefficients in B is determined by the penalty term, %25:1 ¥y |Bpl. More
specifically, as A decreases, the number of nonzero coefficient estimates increases.
Therefore, the tuning parameters 2 must be selected before using the lasso for
prediction and model selection. The most common selection criteria used to select the
tuning parameters are cross-validation (CV), the adaptive lasso, and plug-in methods. In

this study, we utilized the CV method as a criterion to select the tuning parameters.

UFIIFAS

UNIVERSITY of FLORIDA

2023/7/8



2023/7/8

The PDS lasso method provides a meaningful strategy for model selection, yet
our identification remains challenging by the heterogeneity of rice farmers and self- EM P ]R_ :CA L STRATEGY
selection bias. Researchers often use matching methods, such as propensity score
matching (PSM), to balance the distribution of covariates in the treatment and control
groups (Angrist & Pischke, 2009). However, there are several criticisms of such a
method. For example, Abdulai and Huffman (2014) highlighted that the PSM approach
must satisfy the CIA, indicating that the farmers’ decision is random and uncorrelated
with the outcome variables once the observable characteristics are controlled. Propensjty Score M atch:ng

Nonetheless, as Smith and Todd (2005) denoted, the outcomes of adopters and

Vs
nonadopters are systematically different when farmers’ selection is associated with

unobserved factors. King and Nelsen (2019) also strongly criticized the PSM for its Endogenous Sw IItChIIl’lg Regxess:bn
attempts to approximate an utterly randomized experiment rather than a stratified one.

This method may increase imbalance, inefficiency, model dependence, and bias. As a

result, this study employed an endogenous switching regression (ESR) model to correct

the sample selection bias and endogeneity. As a result, we can further estimate the

effects of climate change adaptation on farmers’ climate resilience.
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The ESR model simultaneously considered the observed and unobserved
characteristics that affect rice farmers’ climate change adaptation and resilience
(Lokshin & Sajaia, 2004; Maddala, 1983). In general, the ESR model contains two types
of equations, namely the choice equation and outcome equations. To retrieve these
equations, we first assumed that all rice farmers i encountered two alternatives, i.e.,
adapt to climate change (D=1) or not adapt (D=0). In fact, only one of the choices can
EM P R EA L S TRATEG Y be selected by farmer i at once. Therefore, the alternatives D=1 and D=0 cannot be
observed simultaneously for farmer, meaning the choice equation becomes:
Dy =aZi+u; (4-5)
Where, D; is rice farmers’ decision on climate change adaptation. Z; represents

Endogenous Sw iching Regression

all observed covariates selected by the PDS lasso. y; is the error term, denoting the
unobserved characteristics that affecting farmers’ climate change adaptation decision-
making.
And the outcome equations:
v =Bl + v} (4-6)
Y0 = BOX; + v 4-7)
Equation 4-6 and 4-7 represent the outcome equations for farmers who have
adapted to climate change (treatment group) and those who have not (control group),
respectively. ¥! and ¥° denote the outcome variable of climate resilience for rice farmer
iwith and without using climate change adaptation strategies. X; represents the factors
that influences the outcome variable. Additionally, v} and v{ indicate the error terms.
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The ESR model can be fitted by a two-step approach, yet this approach may be

inefficient, and hard to obtain consistent standard errors (Lokshin & Sajaia, 2004). The
full information maximum likelihood method (FIML) was suggested by Lokshin and
Sajaja (2004) to address these issues through a simultaneous estimation of the choice
and outcome equations. We can then estimate the expected outcome value for rice
farmers who have adapted or have not adapted to climate change. Thus, the unbiased
estimates of the average treatment effect on the treated (ATT) can be given as (Lokshin
& Sajaia, 2004):
ATT = E(ID = 1) — E(Yp|D = 1) (4-8)
An issue must be addressed before estimating the effects: At least one
instrumental variable should be included in the choice equation to identify the ESR
model. The valid instrumental variables need to be correlated to rice farmers’ climate
change adaptation decision-making (Abdulai & Huffman, 2014; Di Falco & Veronesi,
2014). In this study, two instrumental variables were selected. The first IV is farmers’
climate change belief, which is measured by farmers’ level of agreement with the
statement that climate change is an important environmental issue. Khanal et al. (2018)
utilized climate belief as an instrument when they analyzed the effects of climate
change adaptation on rice yields. The second IV we chose was government extension
services. We asked farmers about their frequency of receiving extension services, such
as trainings. Di Falco and Veronesi (2014) argued that government extension is an
important channel for farmers to obtain knowledge, information, and climate change
adaptation strategies. Likewise, Shen et al. (2021) argued that extension service from,

the government is a valid instrument when analyzing technology adoption on farmers’

EM PRICALSTRATEGY

Endogenous Sw iching Regression

Fullihform ation m axin um
Ikelhood FM L)

hstrum entalVariablks:clin ate
change belefs and Govemm ent
Extensibn
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Table 4-4. The determinants of climate change adaptation and resilience

RESULI'S

The Determ nants of
Clin ate Change
Adaptation and Resilience

» Dem ographis
» Famm characteristics
» Extensbn and belief

Variables Incremental  Transformative Household Agricultural Technical
adaptation adaptation Income income efficiency
Incremental 0.059 0.097 -0.180
(0.052) (0.099) (0.138)
Transformative 0.109™ -0.111 -0.163
(0.053) (0.118) (0.152)
Family size 0.009 0.011 0.137" -0.018 -0.069
(0.037) (0.039) (0.015) (0.026) (0.043)
Agricultural 0.092 -0.008 -0.015 0.100° 0.243**
labor (0.091) (0.099) (0.037) (0.053) (0.079)
Gender 0.109 1.157" 0.010 0.255" 0.436**
(0.154) (0.170) (0.054) (0.122) (0.178)
Age -0.022" -0.058™ -0.029™ -0.028™ -0.027"
(0.011) (0.012) (0.009) (0.010) (0.014)
Education 0.006 0.051 0.011 0.021 0.009
(0.021) (0.023) (0.008) (0.014) (0.023)
Farm 0.010 -0.009 0.009 0.012 -0.003
experience (0.008) (0.009) (0.008) (0.009) (0.010)
Contracted 0.006" -0.017" 0.008™ 0.016™ 0.007
land (0.004) (0.008) (0.002) (0.005) (0.004)
Paddy -0.004 0.031™ -0.002 -0.006 -0.005
(0.003) (0.010) (0.002) (0.006) (0.004)
Plots 0.018 0.002 0.010 0.033™ 0.015"
(0.017) (0.011) (0.005) (0.011) (0.008)
Extension 0.274™ 0.171"
(0.074) (0.067)
Belief -0.142° 0.151"
(0.073) (0.076)
Constants 1.009 1.013 11.614™ 10.356™ 1.607"
(0.629) (0.632) (0.261) (0.350) (0.638)
R? 0.242 0.165 0.043
Adjusted R? 0.235 0.156 0.033
Pseudo R? 0.034 0.150
Log Likelihood  -712.490 -647.406
F 23.023 8.065 4.542
Number of 1115 1115 1115 1115 1115

observations
Note: Rob a

- D <010 *p<0.05 **p<0.01
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RESULI'S

Table 4-5. The effects of incremental adaptation on farmers’ climate resilience

Variable Household income Agricultural income Technical efficiency

ATT 0.172**%(0.028) 0.045(0.046) -0.137***(0.019)
ResuktsofESR m odels Controls Yes Yes Yes

Ing, -0.057(0.373) 0.377***(0.037) 1.082***(0.040)

Po -0.105(0.188) -0.124(0.165) 2.895**%(0.159)

Ingy -0.101*%(0.042) 0.720***(0.031) 1.017***(0.030)

1 -1.246***(0.121) -2.102***(0.086) -2.599***(0.119)

LR test 27.49*** 295.17** 685.55***

Log Likelihood -2027.19 -2644.20 -2825.11

Wald chi2 79.99** 71.23** 33.96***

Note: ATT denotes the average treatment effects on the treated. Controls are selected by the PDS lasso
algorithm. Standard errors in parentheses; " p < 0.10, ™ p < 0.05, ™ p < 0.01.

Table 4-6. The effects of transformative adaptation on farmers’ climate resilience

Variable Household income Agricultural income Technical efficiency
ATT 0.298**%(0.028) 0.067*(0.052) -0.206***(0.020)
Controls Yes Yes Yes

Ingy -0.176***(0.029) 0.341**%(0.029) 0.771***(0.029)

Po -0.082(0.169) -0.094(0.129) -0.092(0.165)

Inoy 0.003(0.058) 0.827**%(0.040) 1.142***(0.038)

P -1.366***(0.152) -2.178***(0.096) -2.649***(0.115)

LR test 19.63*** 226.87*** 303.56***

Log Likelihood -2036.23 -2651.18 -3041.11

Wald chi2 210.02*** 205.82*** 21.43***

Note: ATT denotes the average treatment effects on the treated. Controls are selected by the PDS lasso

<0.01.

RESULI'S

W ould htegrated Adaptations Be Better?

Table 4-7. The effects of integrated adaptation on farmers’ climate resilience

Variable Household income Agricultural income Technical efficiency
ATT 0.285***(0.031) 0.262***(0.050) -0.260***(0.024)
Controls Yes Yes Yes

Ingy -0.178**%(0.026) 0.416***(0.026) 0.758***(0.026)

Po -0.103(0.132) -0.105(0.106) -0.042(0.197)

Ingy -0.005(0.076) 0.867***(0.051) 1.249***(0.047)

p1 -1.323**%(0.177) -2.133**%(0.116) -2.706**%(0.129)

LR test 13.35** 149.42*** 219.96***

Log Likelihood -1958.78 -2628.74 -2990.92

Wald chi2 214.66*** 147.08*** 26.15***

Note: ATT denotes the average treatment effects on the treated. Controls are selected by the PDS lasso
algorithm. Standard errors in parentheses; " p < 0.10, ™ p < 0.05, ™ p < 0.01.

UFIIFAS

UNIVERSITY of FLORIDA

11



2023/7/8

RESULI'S

Adaptation htensity And Clin ate Resilience
Table 4-8. The effects of adaptation intensity on farmers’ climate resilience

Variable Household Agricultural Technical
income income efficiency

Adaptation intensity_IA 0.242(0.184) 0.072**(0.036)  0.002(0.050)

Adaptation intensity_TA 0.098**(0.041) -0.065(0.079) -0.232*%(0.113)

Adaptation intensity Total 0.030*(0.016) 0.041(0.030) -0.030(0.043)

Controls Yes Yes Yes

Number of Observations 1115 1115 1115

Note: Adaptation intensity_lA is the number of incremental adaptation strategies that farmers have
adopted on their farm; Adaptation intensity_TA is the number of transformative adaptation strategies that
farmers have adopted on their farm; Adaptation intensity TOTAL is the number of adaptation strategies
that farmers have adopted on their farm; Controls were selected by PDS lasso algorithm. Standard errors
in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01.
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D iscussion
Table 4-9. The heterogeneous effects of different adaptation measures on the technical
efficiency of rice production

Variabl  IA1 A2 1A3 IA4 TA1 TA2 TA3 » Ourrsults hdiated thatboth
e hcrem entaland transform ative
ATT  0.096™ 0184 -0.576™ 0.070"* 0.883"* 0.258"* -0.146"* adaptations sgnifcantly
(0.020) (0.015) (0.015) (0.018) (0.027) (0.036)  (0.220) neqativel, in pact fm ers’
Control Yes Yes Yes Yes Yes Yes Yes teg i:a:]Li fﬁr‘f;en n rce
Ing, 0.865** 0.990** 0.749** 0.835"* 0.908"* 0.840* 0.803** chnica Y
(0.027)  (0.028) (0.030) (0.025) (0.023) (0.023) (0.026) productbn.
o 20.054  2.630"* -0.029 -0.090  2.621*** 2.516** -0.089 . .
0194)  (0.121) (0.283) (0.130) (0.155) (0.159)  (0.141) > Notalladaptatin stategies
Ino, 0.969***  1.127*** 1.135** 1.079"* 0.923** 1379 1.173** has posiive effects on clin ate
(0.042)  (0.043) (0.035) (0.056) (0.073) (0.089)  (0.048) resilence.
1 26317 2,698 -2.612%% 2.756%* 2847 2724 2637 o
(0.127)  (0.124)  (0.097) (0.168) (0.262) (0.264)  (0.128) > Lin iatbns
LRtest 264.08™ 65560 373.38" 19352 360.31" 201.93" 230.16" s M easurem ent of esience
LL -3005.67 -2816.53 -3042.92 -2933.52 -2636.98 -2602.85 -2999.79 * Extemalvaldiy

Wald x> 15.63*** 10.22*** 5.79** 7.39%** 25.36™* 25.93*** 22.02***
Note: outcome variable is technical efficiency. TT denotes the average treatment effects on the treated.
Controls are selected by the PDS lasso algorithm. Standard errors in parentheses; * p < 0.10, ** p < 0.05,
***p < 0.01. |1A1: purchasing crop insurance; IA2: adjusting pesticide and fertilizer inputs; 1A3: building or
improving ridges or dikes; |1A4: adjusting planting time; TA1: using a mixed-livestock system; TA2: renting
in or renting out a large proportion of land; TA3: getting an off-farm job to supplement farm income. We
eliminated TA4 (cultivating ratoon rice) in our analysis because only 17 rice farmers reported adopting
this practice in our sample
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CONCLUDING REM ARKS

» W e found thatboth ncrem entaland transform ative adaptation positively
In pactrice fam ers’ househol and agriculurmlincom e whik negatively
affecting rice production s technialefficiency.

» W e found that transform ative behavbrs have m ore posiive and negative
effects on fam ers’ clin ate resilience than ncrem entaladjistm ents.

» Ourresuls show ed thatnotalladaptation strategies posiivel nfluence
farm ers’ clin ate resilience.

» Ourresuls suggested that the com bnation of hcrem entaland
transform ative adaptation m ay e a prom &g schem e forrice fam ers to
regpond to clin ate change 1 the future.
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Thank you!

Questions, suggestions,and com m ents?

Jorge Ruiz-Menjivar, Ph.D.
Assistant Professor of Consumer Economics
College of Agricultural and Life Sciences
University of Florida, USA
Email: jhruiz@ufl.edu
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