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Contribution

• New resilience index based on causal machine learning
techniques applied to multi-topic longitudinal household data;

• Model-agnostic, data-driven, scalable, and normatively anchored to
wellbeing thresholds;

• It can be developed either as a shock-specific or a
general-purpose resilience metric;

• It serves a dual purpose, aligning with two key definitions of
resilience:

1. as explanatory (or mediating) variable that synthetically connects
shocks to development outcomes. It aligns with resilience as “the
capacity that ensures stressors and shocks do not have long-lasting
adverse development consequences” (Constas et al.; 2014);

2. as normative outcome to classify households for targeting and
evaluation purposes. It aligns with resilience as “the ability to
achieve and maintain an acceptable standard of wellbeing even in the
face of shocks and stressors” (Barrett and Constas; 2014);
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Contribution (cont.)

• Operationalizable: The index is decomposable, enabling causal
identification of the resilience components that are most effective
in protecting populations from shocks;

• Shock/Risk-sensitive: Shocks are embedded in the methodology,
and weights are data-driven, derived from a fully nonparametric
model;

• Policy-relevant: CLARE supports the design, targeting, and
monitoring of resilience-building policies and investments;

• Transferable: enables transfer learning from data-rich to
data-poor settings (out-of-sample performance)
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Empirical Application

• Data We present CLARE application to drought resilience, using
35,000 household observations from a 19-wave panel of four SSA
countries (28,112 excl. baseline for forecasting).

• Main findings CLARE outperforms existing resilience metrics
out-of-sample, i.e.:

• future outcomes (dynamic forecasting)
• held-out countries (cross-sectional prediction)
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Data details
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Intuition

Resilience indicator constructed as a data-driven weighted average of
its standard sub-components.

Causal framework: resilience estimation stems from the causal
relationships between wellbeing, shocks, and resilience drivers.

The idea in a nutshell:

• Compute: Use ML algorithms to derive data-driven importance
weights of resilience subcomponents and aggregate them into a
composite indicator.

• Test its out-of-sample performance in predicting wellbeing both
out-of-country and in future periods (forecasting).

• Compare CLARE out-of-sample performance to the most common
resilience measures (C&B, Realized mesures: RIMA & Tango, Näıve
lagged outcome); .
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Related literature

• We draw on the theoretical underpinnings and conceptual framework
of the quantitative resilience literature (Barrett and Constas;
2014; Barrett et al.; 2021; Cissé and Barrett; 2018; d’Errico and
Di Giuseppe; 2018; Smith and Frankenberger; 2018; Alinovi et al.;
2010).

• We follow up on the comparative assessment of resilience
indicators recently conducted by Upton et al. (2022).

• We contribute to the fresh wave of empirical approaches for
measuring and estimating resilience, e.g., Alloush and Carter (2024);
Knippenberg et al. (2019); Lee et al. (2025); Scognamillo et al.
(2023).
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2014; Barrett et al.; 2021; Cissé and Barrett; 2018; d’Errico and
Di Giuseppe; 2018; Smith and Frankenberger; 2018; Alinovi et al.;
2010).

• We follow up on the comparative assessment of resilience
indicators recently conducted by Upton et al. (2022).

• We contribute to the fresh wave of empirical approaches for
measuring and estimating resilience, e.g., Alloush and Carter (2024);
Knippenberg et al. (2019); Lee et al. (2025); Scognamillo et al.
(2023).

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Machine Learning

• Supervised machine learning algorithms have been specifically
developed for predictive tasks and excel at predicting out of sample.

• In development economics these have been employed, often in
conjunction with non-conventional data sources, to predict and map
poverty, food security, and resilience (e.g., Aiken et al. (2022, 2023);
Blumenstock et al. (2015); Knippenberg et al. (2019)).

• They allow for fully flexible and non-parametric estimation of the
relationship between the outcome and the predictors.
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Causal Machine Learning

• Standard predictive algorithms, however, do not uncover causal
relationships but only associations between outcome and predictors.

• But in resilience analysis, causality matters, as the primary focus
should be on assessing:

1. the impacts of shocks on wellbeing;
2. the protective role of resilience components, i.e., how these

determinants intervene in this causal relationship by driving
heterogeneous effects.

• To this end, we leverage causal machine learning techniques,
specifically developed to estimate heterogeneous causal effects
rather than merely predict outcomes.
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Causal forests

To illustrate our empirical application we use here Causal Forest (Wager
and Athey; 2018; Athey et al.; 2019) [For robustness we used an
alternative CML method (the X-Learner), with fully consistent results]

• Causal forests are an adaptation of random forests (Breiman;
2001).

• They have been specifically developed for the estimation of
Conditional Average Treatment Effects (CATEs).

• CATEs constitute non-parametric and granular estimates of
treatment effect heterogeneity based on a set of chosen covariates,
named treatment effect modifiers (Athey and Imbens; 2016).

Technical details

• In our setting:
1. The outcome is a binary wellbeing variable W based on a normative

threshold (e.g., FCS);
2. The treatment is a shock of interest S (e.g., draught);
3. The shock effect modifiers are the resilience subcomponents Z,

measured before the shock.
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CLARE CONSTRUCTION

Full pipeline

1. Estimation of shock effects and variable weights;

2. Aggregation of resilience determinants using the
estimated weights;

3. Evaluation of the performance of CLARE scores.
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Estimation

Wit = τ(Zit−1)Sit + f (Xit−1, X̄i·, X̄·t−1) + εit (1)

where:

• Wit represents a binary well-being outcomes anchored to a
normative threshold (e.g., Food Consumption Score ≤ 35 ((Upton
et al.; 2022));

• Sit is a binary variable capturing exposure to shocks;

• Xit−1 is a vector of time-varying and Mundlak-type confounders and
controls for both observed and unobserved heterogeneity (i.e.,
household and time fixed effects);

• τ(Zit−1) are the pre-shock resilience components accounting for the
heterogeneous effects of shocks;
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Conditional unconfoundedness

Wit = τ(Zit−1)Sit + f (Xit−1, X̄i·, X̄·t−1) + εit (2)

• The shock variable is assumed to be independent of potential
outcomes conditional on controls (conditional unconfoundedness).

• To reinforce this assumption we follow a double-orthogonalization
approach as follows:

1. Step 1: We non parametrically estimate W ∗ and S∗ by regressing
both outcomes and shocks on Xit−1, X̄i·, X̄·t−1, including any
high-dimensional set of potential confounders;

2. Step 2: We then regress the residualized shocks S∗ on the
residualized outcomes W ∗, conditioning on the shock effect
modifiers Zit−1;

3. Step 3: We cluster at the household level to remove further
heteroskedasticity in εit ;

At the end of the process, our residualized outcomes and shocks are both
filtered from time-invariant, time-variant, and time-trend further
confounders;
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Retrieving the relative importance of
resilience components

• Explore household-specific heterogeneity of resilience components;

• Retrieve the relative importance of each resilience component Z in
driving heterogeneity in the estimated causal effects, by measuring
the split frequency of treatment effects;

• Formally, the importance weight wj is calculated as the proportion
of trees in which the component is used to make a split (and the
process is repeated across all trees in the forest);

• This ensures that the entire process is fully flexible and
nonparametric, capturing possible nonlinear resilience features (as
argued by the specialized literature);

• Although weights are in principle sensitive to the number of
covariates, here the set of components is established by the theory
(and we can thus be confident on the computed wj);

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Retrieving the relative importance of
resilience components

• Explore household-specific heterogeneity of resilience components;

• Retrieve the relative importance of each resilience component Z in
driving heterogeneity in the estimated causal effects, by measuring
the split frequency of treatment effects;

• Formally, the importance weight wj is calculated as the proportion
of trees in which the component is used to make a split (and the
process is repeated across all trees in the forest);

• This ensures that the entire process is fully flexible and
nonparametric, capturing possible nonlinear resilience features (as
argued by the specialized literature);

• Although weights are in principle sensitive to the number of
covariates, here the set of components is established by the theory
(and we can thus be confident on the computed wj);

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Retrieving the relative importance of
resilience components

• Explore household-specific heterogeneity of resilience components;

• Retrieve the relative importance of each resilience component Z in
driving heterogeneity in the estimated causal effects, by measuring
the split frequency of treatment effects;

• Formally, the importance weight wj is calculated as the proportion
of trees in which the component is used to make a split (and the
process is repeated across all trees in the forest);

• This ensures that the entire process is fully flexible and
nonparametric, capturing possible nonlinear resilience features (as
argued by the specialized literature);

• Although weights are in principle sensitive to the number of
covariates, here the set of components is established by the theory
(and we can thus be confident on the computed wj);

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Retrieving the relative importance of
resilience components

• Explore household-specific heterogeneity of resilience components;

• Retrieve the relative importance of each resilience component Z in
driving heterogeneity in the estimated causal effects, by measuring
the split frequency of treatment effects;

• Formally, the importance weight wj is calculated as the proportion
of trees in which the component is used to make a split (and the
process is repeated across all trees in the forest);

• This ensures that the entire process is fully flexible and
nonparametric, capturing possible nonlinear resilience features (as
argued by the specialized literature);

• Although weights are in principle sensitive to the number of
covariates, here the set of components is established by the theory
(and we can thus be confident on the computed wj);

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Retrieving the relative importance of
resilience components

• Explore household-specific heterogeneity of resilience components;

• Retrieve the relative importance of each resilience component Z in
driving heterogeneity in the estimated causal effects, by measuring
the split frequency of treatment effects;

• Formally, the importance weight wj is calculated as the proportion
of trees in which the component is used to make a split (and the
process is repeated across all trees in the forest);

• This ensures that the entire process is fully flexible and
nonparametric, capturing possible nonlinear resilience features (as
argued by the specialized literature);

• Although weights are in principle sensitive to the number of
covariates, here the set of components is established by the theory
(and we can thus be confident on the computed wj);

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Retrieving the relative importance of
resilience components

• Explore household-specific heterogeneity of resilience components;

• Retrieve the relative importance of each resilience component Z in
driving heterogeneity in the estimated causal effects, by measuring
the split frequency of treatment effects;

• Formally, the importance weight wj is calculated as the proportion
of trees in which the component is used to make a split (and the
process is repeated across all trees in the forest);

• This ensures that the entire process is fully flexible and
nonparametric, capturing possible nonlinear resilience features (as
argued by the specialized literature);

• Although weights are in principle sensitive to the number of
covariates, here the set of components is established by the theory
(and we can thus be confident on the computed wj);

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Causal tree example

Example of a causal tree
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Aggregation
• By normalizing the relative importance measures produced by the

forest, we get variable importance weights ωj summing up to 1.

• We then take a simple weighted average of the standardized
resilience components using the estimated weights:

CLAREit =

(∑J

j=1
ωjZit−1

)
·
(
1− Pr

(
Wit ≤ W

∣∣ Sit ,Xit−1, X̄i·, X̄·t−1

))
(3)

• We rescale this weighted average by the probability of being
above the threshold under the shock—also estimated
out-of-sample by the causal forest—and then multiply by 100 [Note
that shocks are embedded in CLARE procedure];

• The resulting quantity represents the household-specific indicator of
resilience to the shock of interest—CLARE—and ranges 0-100.

• This continuous indicator can then be binarized using various
criteria/thresholds (e.g., median).

Change in W due to the shock

Shock impact on wellbeing levels
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Evaluation

• Estimation of the data-driven weights is carried out exclusively using
training set data.

• We then ‘export’ the weights to other held-out data, plug in new
values for the resilience components of these new data, and compute
CLARE for the held-out observations.

• Finally we test CLARE’s out-of-sample performance exclusively on
these testing data.
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Evaluation Full pipeline

On the testing set, we assess the predictive ability of:

1) the continuous CLARE index (ranging from 0 to 100) by comparing
it to the wellbeing outcome from the testing sets (Regression task);

2) the binary version that identifies non-resilient households (scoring 1
if the CLARE index is below the median, and 0 otherwise) against
the observed binary wellbeing status in the testing set
(Classification task). NB: Illustrative choice.

We benchmark CLARE performance against:

• The Cissé and Barrett (2018)’s Resilience Score, emerged as the
best-performing indicator in the study by Upton et al. (2022);

• ‘Realized resilience’ (RIMA’s & TANGO’s binary indicator);

• A näıve approach using lagged wellbeing to predict future wellbeing;

• Several simpler estimation approaches.
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• Several simpler estimation approaches.
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• A näıve approach using lagged wellbeing to predict future wellbeing;

• Several simpler estimation approaches.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Evaluation Full pipeline

On the testing set, we assess the predictive ability of:

1) the continuous CLARE index (ranging from 0 to 100) by comparing
it to the wellbeing outcome from the testing sets (Regression task);

2) the binary version that identifies non-resilient households (scoring 1
if the CLARE index is below the median, and 0 otherwise) against
the observed binary wellbeing status in the testing set
(Classification task). NB: Illustrative choice.

We benchmark CLARE performance against:
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A comparative performance test

We comparatively tested CLARE’s performance in predicting outcomes
across two key dimensions:

• Forecasting: Train the model and estimate weights on earlier (1-3)
waves of all countries, predict and test out-of-sample performance
on later (4-7) waves of all countries.

• Out-of-country prediction: iteratively train the model and
estimate weights on a rotating 3-country dataset, predict on the
held-out country, and test out-of-sample on the pooled dataset of
all 4 held-out countries.

Caveat: ex-ante predictions and ex-post outcomes are different metrics
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Shock Effect Distribution - Training set
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Importance Weights - Training set weights2
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Comparative Assessment - Forecasting Full

Out-of-sample performances for the regression problem Classification OOC
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Sensitivity in Forecasting

Out-of-sample performances for the regression problem
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Wrap up
• Using a data-driven weighting scheme based on estimated causal

relationships, CLARE addresses the issue of aggregating different
resilience subcomponents into a sound composite indicator.

• An important feature of CLARE is its scalability.
• Once the weights and probabilities have been estimated, computing

the index on new data is straightforward, conditional on:

1. the assumption of stability/invariance in the data-generating
process;

2. the availability of resilience components data for at least one wave.

• Data-driven weights enable the establishment of an objective
hierarchy among resilience components.

• NOTE: The outcomes are, of course, subject to the threshold we
choose to use to discretize the continuous CLARE indicator. This
offers the opportunity to prioritize the most important targetable
characteristics.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Wrap up
• Using a data-driven weighting scheme based on estimated causal

relationships, CLARE addresses the issue of aggregating different
resilience subcomponents into a sound composite indicator.

• An important feature of CLARE is its scalability.

• Once the weights and probabilities have been estimated, computing
the index on new data is straightforward, conditional on:

1. the assumption of stability/invariance in the data-generating
process;

2. the availability of resilience components data for at least one wave.

• Data-driven weights enable the establishment of an objective
hierarchy among resilience components.

• NOTE: The outcomes are, of course, subject to the threshold we
choose to use to discretize the continuous CLARE indicator. This
offers the opportunity to prioritize the most important targetable
characteristics.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Wrap up
• Using a data-driven weighting scheme based on estimated causal

relationships, CLARE addresses the issue of aggregating different
resilience subcomponents into a sound composite indicator.

• An important feature of CLARE is its scalability.
• Once the weights and probabilities have been estimated, computing

the index on new data is straightforward, conditional on:

1. the assumption of stability/invariance in the data-generating
process;

2. the availability of resilience components data for at least one wave.

• Data-driven weights enable the establishment of an objective
hierarchy among resilience components.

• NOTE: The outcomes are, of course, subject to the threshold we
choose to use to discretize the continuous CLARE indicator. This
offers the opportunity to prioritize the most important targetable
characteristics.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Wrap up
• Using a data-driven weighting scheme based on estimated causal

relationships, CLARE addresses the issue of aggregating different
resilience subcomponents into a sound composite indicator.

• An important feature of CLARE is its scalability.
• Once the weights and probabilities have been estimated, computing

the index on new data is straightforward, conditional on:

1. the assumption of stability/invariance in the data-generating
process;

2. the availability of resilience components data for at least one wave.

• Data-driven weights enable the establishment of an objective
hierarchy among resilience components.

• NOTE: The outcomes are, of course, subject to the threshold we
choose to use to discretize the continuous CLARE indicator. This
offers the opportunity to prioritize the most important targetable
characteristics.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Wrap up
• Using a data-driven weighting scheme based on estimated causal

relationships, CLARE addresses the issue of aggregating different
resilience subcomponents into a sound composite indicator.

• An important feature of CLARE is its scalability.
• Once the weights and probabilities have been estimated, computing

the index on new data is straightforward, conditional on:

1. the assumption of stability/invariance in the data-generating
process;

2. the availability of resilience components data for at least one wave.

• Data-driven weights enable the establishment of an objective
hierarchy among resilience components.

• NOTE: The outcomes are, of course, subject to the threshold we
choose to use to discretize the continuous CLARE indicator. This
offers the opportunity to prioritize the most important targetable
characteristics.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Wrap up
• Using a data-driven weighting scheme based on estimated causal

relationships, CLARE addresses the issue of aggregating different
resilience subcomponents into a sound composite indicator.

• An important feature of CLARE is its scalability.
• Once the weights and probabilities have been estimated, computing

the index on new data is straightforward, conditional on:

1. the assumption of stability/invariance in the data-generating
process;

2. the availability of resilience components data for at least one wave.

• Data-driven weights enable the establishment of an objective
hierarchy among resilience components.

• NOTE: The outcomes are, of course, subject to the threshold we
choose to use to discretize the continuous CLARE indicator. This
offers the opportunity to prioritize the most important targetable
characteristics.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Wrap up
• Using a data-driven weighting scheme based on estimated causal

relationships, CLARE addresses the issue of aggregating different
resilience subcomponents into a sound composite indicator.

• An important feature of CLARE is its scalability.
• Once the weights and probabilities have been estimated, computing

the index on new data is straightforward, conditional on:

1. the assumption of stability/invariance in the data-generating
process;

2. the availability of resilience components data for at least one wave.

• Data-driven weights enable the establishment of an objective
hierarchy among resilience components.

• NOTE: The outcomes are, of course, subject to the threshold we
choose to use to discretize the continuous CLARE indicator. This
offers the opportunity to prioritize the most important targetable
characteristics.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Wrap up

• Unlike for other indicators, CLARE is shock/risk-sensitive (i.e.,
shocks play a central role).

• CLARE can be easily adapted to any kind of shock affecting
wellbeing and any wellbeing outcome.

• Such flexibility allows leveraging it for multiple purposes:

1. Informing resilience-building interventions;
2. Facilitating transfer learning;
3. Prioritizing data collection efforts in data-poor environments;
4. Implementing early-warning systems in shock-prone areas.
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Open issues and research avenues

• Sensitivity to non-stationarity and distribution shifts
(Constenla-Villoslada et al.; 2025);

• Incorporation of ex-ante risks and stressors;

• Integration with multidimensional outcomes (Lee et al.; 2025);

• Identifying a minimal variable set for reliable out-of-sample resilience
measurement and expanding country coverage (ideally embedded in
LSMS, e.g. climate resilience);

• Expanding the database to include high-frequency phone survey
data;

• Developing ready-to-use software for computation.
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THANK YOU FOR THE ATTENTION!

For further information: pierluigi.montalbano@uniroma1.it
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How do causal forests work? Back

• The causal forest algorithm is an ensemble of causal trees.

• Each of these trees is defined by data-driven sample splits generating
leaves, which are followed by a prediction of the causal effect over a
set of conditioning characteristics Z. Example

• The aim of a causal forest is to split the data so as to maximize
treatment effect heterogeneity across leaves.

• Each individual tree explicitly searches for the subgroups where the
treatment effects differ most, and the final prediction is a weighted
average over the predictions across all trees.
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Technical details Back

• To prevent overfitting, the algorithm uses the “honest approach”
(Athey and Imbens; 2016), which randomly splits the sample in two
equal parts.

• Half of the sample (the prediction sample) is employed to define the
sample splits (leaves), while the estimation sample is used for
estimating the predicted CATE.

• Such a procedure is repeated as many times as there are trees in the
forest (2,000 trees, in our case).
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Causal tree example Back

Example of a causal tree
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Orthogonalization

• The main identifying assumption underlying the causal forest
approach is conditional unconfoundedness.

• To make the assumption credible, we adopt a double
orthogonalization approach, exploiting the Frisch-Waugh-Lovell
theorem to non-parametrically control for confounding (Wager and
Athey; 2018).

• We separately orthogonalize the outcome and shock variables with
respect to a host of potential confounders by running two
preliminary and fully non-parametric regression forests.
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Full pipeline Back
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Data details Back
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Descriptive statistics Back
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Importance Weights - Forecasting Back
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Importance Weights - SPEI data Back
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Importance Weights - Multiple shocks Back
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Results - Forecasting Robustness back

Regression problem - All countries, waves 4-7. Descriptives

Classification problem - All countries, waves 4-7. Alt. cutoff
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Who are the resilient? Back

Resilient vs. Non-resilient HHs - Forecasting, full sample, median cutoff.
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Robustness - Forecasting Back

Regression problem - All countries, waves 4-7, summary results.

Classification problem - All countries, waves 4-7, summary results.

Kilic, Letta, Montalbano, Petruccelli (2025) - CLARE



Contribution Methodology Application Conclusions References Appendix

Forecasting with alternative cutoff Back

Classification problem - All countries, waves 4-7, 25th cutoff.
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Comparative Assessment - Forecasting

Out-of-sample performances for the classification problem Back
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Results - Out of country back

Regression problem - All countries, all waves. Cissé and Barrett

Classification problem - All countries, all waves. Cissé and Barrett
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Cissé & Barrett (2018) - Out of country Back

Regression problem - All countries, all waves.

Classification problem - All countries, all waves.
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