Assessing the Impact of Index-Based Livestock Insurance on Poverty Alleviation among Pastoralist Households in Hadado Sub-County, Kenya

Abstract
The pastoralist households in arid and semi-arid lands of Kenya face recurrent climate-induced shocks, particularly droughts that erode livestock assets, trap families in poverty cycles leading to significant economic vulnerability of the communities living in this regions. . Index-Based Livestock Insurance (IBLI) has been promoted as an innovative risk management tool to enhance resilience and safeguard livelihoods, yet empirical evidence on its poverty-reducing effects at household level remains limited. This study investigated the impact of Index-Based Livestock Insurance (IBLI) on poverty alleviation among pastoralists in Hadado Sub-County, Wajir County, Kenya. The study employed a convergent parallel mixed-methods approach to collect primary from 286 pastoralist households through structured questionnaires and interview schedules. The quantitative analysis was conducted using the Difference-in-Differences (DiD) regression model and complemented by qualitative thematic analysis. The results revealed that households decision to participate in IBLI significantly reduced poverty levels, particularly during the midline (β = -1.253, p = 0.014) and endline phases (β = -0.827, p = 0.073). In spite of the modest uptake rate of 23.78%, insured households reported improved economic stability and reduced reliance on distress livestock sales. The study recommends that the National and County governments, in collaboration with insurance companies, enhance awareness, provide affordable insurance, and ensure timely payouts to strengthen the effectiveness of IBLI in drought-prone regions.
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1.0 Introduction
The Pastoralist communities, particularly those in Arid and Semi-Arid Lands (ASALs) are increasingly exposed to the impacts of climate change, with recurrent droughts undermining economic stability, threatening food security, and weakening their overall resilience to livelihood shocks [21]. . In Kenya, over 80% of the landmass and surface area has been classified as ASALs, providing over 75 % of the livestock [11].  Despite this, recurrent droughts have caused massive losses of livestock assets, eroded household incomes, and heightened vulnerability among pastoralists, reinforcing cycles of poverty and underscoring the urgent need for effective and scalable risk mitigation strategies to strengthen resilience [21, 22]. Index-Based Livestock Insurance (IBLI) has become a novelty financial instrument to defend pastoral populations against climatic shocks [23,24]. In contrast to conventional indemnity-based insurance, IBLI payments are made dependent upon satellite-generated indices as a proxy for forage availability, instead of ascertained mortality of livestock [25]. Such indices are set to pay when forage falls below set levels, therefore turning away administrative expenses, removing the impediment of moral hazard, and not making a field-level visit that would incur hefty costs [7]. The program was first piloted in the North of Kenya in 2010 and implemented in Hadado in 2013. The IBLI was initiated among pastoral communities to preserve productive assets, stabilize household incomes, and possibly alleviate poverty among vulnerable populations [14].
The studies concerning the effects of IBLI have given mixed results [23, 24, 25]. Several studies also show positive changes in livestock retention, greater investments in animal health, and less reliance on distress coping mechanisms [1, 6]. A comparison was made between IBLI-covered households and those not covered in Ethiopia; the former was 12- 15 percent less impoverished than the latter [4]. Similarly, a study in Mongolia revealed that IBLI payouts served to support herd levels and income of pastoralists through the periods of drought [17]. However, other studies highlight critical shortcomings of Index-Based Livestock Insurance (IBLI), including basis risk such as irrelevant payouts against realized losses and issues of affordability, which have limited uptake among poorer households [2, 15]. These limitations point to an important empirical gap, as there is still little evidence on the extent to which IBLI can effectively reduce poverty and build resilience among pastoralist households in drought-prone areas such as Hadado Sub-County, Kenya.
The adoption of IBLI remains low among pastoralist communities in Kenya, particularly in Hadado Sub-County, which is among the driest areas. . According to the data received during this study, the survey results showed that 23.78 percent of households surveyed were involved in the insurance programme, and 76.22 percent did not have insurance. This low uptake questions the access barriers and how well the locals view IBLI. Although previous studies have mainly captured technical design and short-term welfare effects, little has been addressed to the long-term poverty alleviation effect of IBLI within the socio-economic context of northern Kenya. With such a complicated workings of pastoralist systems, only quantitative evaluation of the contribution of IBLI to household well-being was insufficient, and qualitative information was needed on pastoral behavior, perceptions, and adaptive strategies.
This paper, therefore, aims to assess the role of IBLI in reducing poverty among pastoralists of in Kenya. It uses a convergent mixed-methods research design that combines a quantitative analytical approach based on a Difference-in-Differences (DiD) regression model with evidence based on qualitative focus group discussions and key informant interviews. The review of poverty indicators like income, consumption, livestock retention, and coping measures before and after participation in the program is the area of analysis, as well as consideration of household variation and external contextual influences on poverty like market access and exposure to extension services.
The insights of the poverty-reducing potential presented in IBLI are imperative to policymakers, donors, and development professionals to ensure an increase in the number of people covered by climate risk management and social protection across ASALs in Kenya and elsewhere. With the increasing rate of droughts and their severity due to climate change, the success of such tools as IBLI can define the future path of poverty alleviation and resiliency in pastoralist communities. The study will help to plug essential empirical and policy research gaps as it will offer strong evidence of how IBLI can be used to alleviate poverty in Kenya. This solves the need for scalable, context-sensitive, and evidence-based approaches to mitigate the socio-economic effects of climate-induced shocks on the Kenyan pastoralist societies.
2.0 Research Methodology
2.1 Location of the Study
This study was carried out in Hadado Sub-County within Wajir County along the North Eastern parts of Kenya. The region is classified as   ASALs under Agro-Ecological Zone VI, characterized by varied and hostile weather conditions. The geographical location of Hadado is near the latitude 1.75o N and longitude 39.52o E. The region's annual rainfall is very erratic, varying from 200 to 400 mm [10]. The temperatures are warm year-round, with an average daily high of 36 °C recorded in February and March, and lows of 21 °C from June to September. The wettest month is generally in April, with an average of 68mm of rainfall, and the driest month is June, when only 1mm of rainfall is recorded. With margins estimated at 1,000 square kilometers, Hadado was chosen in this study because it solely relies on pastoralism as its basis of livelihood and is characterized by frequent drought. Such circumstances have led to expensive insurance costs in the Index-Based Livestock Insurance (IBLI) scheme [16].
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Figure 1: Map of Hadado sub-county
2.2 Research Design
The acquisition of the convergent parallel mixed-methods design was utilized to study the effect of IBLI on pastoralist livelihoods. This way, quantitative and qualitative data could be gathered simultaneously and combined to give a coherent picture the quantitative aspect covered tabulated questionnaires issued to 286 households, including IBLI members and non-members. Measures of the indicators were in terms of income, livestock size, food security, and IBLI utilization
The qualitative part comprised Focus Group Discussions (FGDs) and the Key Informant Interviews (KIIs). FGDs were convened among pastoralists to have them share about their experience with IBLI, whereas the KIIs targeted the insurance agents, NGO personnel, and local leaders. The quantitative data was analyzed using STATA version 17, ox-metrics and the qualitative information was subjected to thematic analysis using NVivo statistical software.
2.3 Sampling Design and Procedure
A multistage sampling procedure was adopted to select the 286 pastoralist households from Hadado Sub-County. In the first stage, the study area was stratified into its administrative locations, which served as natural clusters for sampling. In the second stage, a proportionate stratified random sampling technique was applied to ensure that each ward was fairly represented in relation to its population size of pastoralist households.
The sampling frame consisted of 1,000 pastoralist households across seven locations in the sub-county. From this frame, 286 households were randomly selected based on proportional allocation, as shown in Table 1. This procedure ensured representativeness of the sample while capturing the diversity of pastoralist livelihoods across the study area.
Table 1: Sample Size of Pastoralist Households in Hadado Sub-County
	Location (Cluster)
	Number of Pastoralist Households
	Sample Size

	Ardhi Bogol
	210
	60

	Hadado North
	185
	53

	Hadado South
	146
	42

	Lag Bogol
	124
	35

	Kuta South
	120
	34

	Kuta North
	115
	33

	Msajida
	100
	29

	Total
	1,000
	286


This stratified random sampling approach minimized selection bias and enhanced the representativeness of the data, thereby improving the validity and reliability of the study findings.
2.4 Data Collection Procedure 
 A well semi-structured questionnaire was used in gathering data by sampling both IBLI participants and non-participants. The questionnaire included demographic information, the size of herd, sources of income, food habits, drought experience, and insurance payment. The three focused group discussions (FGDs) took place at community centers, and the number of participants ranged between 8-12 members per group. The key informant interviews (KIIs) were conducted with the representatives of insurance companies, local government, and NGOs. Data quality assurance was performed with enumerators' training, and the Kobo Toolbox data collection software was used to facilitate field data input and GPS durations.
2.5 Theoretical Framework
The Asset-Based Livelihoods Framework (ALF) as used by Scoones [19], was adopted in this study to indicate the multidimensional ways of how pastoralist households manage livelihoods in various environmental and socio-economic situations. The framework defines livelihood assets into five categories: natural, financial, human, physical, and social capital, defining household resilience and development trajectories. In the arid, semi-arid pastoralist communities, livestock is used as natural and financial capital. Nevertheless, frequent droughts in these parts destroy this capital quickly, upsetting household income and increasing poverty.
In principle, IBLI is an equally effective concept to be framed in the ALF as a tool for stabilizing and safeguarding household assets. IBLI aims to alleviate the dangers of income volatility of livestock loss by effecting payouts in response to remotely sensed data of vegetation indices proxies to assess drought conditions [4]. With these payouts, households can prevent distress sales of livestock, hence maintaining their core productive assets that are bound to sustain their livelihood strategies.
The ALF is beneficial in explaining how poverty alleviation in the long term may be facilitated through multiple interconnected routes via which IBLI can play a role. Prompt payments enable insured households to shun offensive coping mechanisms, such as diminishing eating styles, withdrawals, schools, or selling the breeding stock. Through this, IBLI benefits and provides financial capital, but it also assists in preserving human and social capital during climatic stress [14]. In addition, IBLI could enable loans and promote investment in livestock management, veterinary services, and types of breeds, which could play a role in asset accumulation and resilience over the long run [13].
Thus, this research uses the ALF as a conceptual framework to determine whether IBLI helps reduce poverty by shielding household resources, reducing exposure, and fostering adaptive ability of pastoralists in Hadado sub-County. The framework used gives the analysis a good position to examine the direct and indirect mechanisms by which IBLI will likely impact poverty levels in the ASAL settings.
2.6 Analytical Framework 
To estimate the causal impact of IBLI participation on poverty alleviation, a Difference-in-Differences (DiD) regression model was applied. The DiD framework calculates the difference in the effect over time in the treatment group (IBLI participants) compared to a control group (non-participants). It corrects the results due to time-invariant unobserved heterogeneity.
The model is specified as follows:


where: Y it is the poverty index for household i at time t; T_it is a binary indicator for IBLI participation; P_it is a binary indicator for post-treatment period; T_it × P_it is the interaction term; α, β, γ, δ are coefficients; ε_it is the error term. The coefficient δ represents the average treatment effect of IBLI on poverty [5].
2.6.1 Advantages of DiD for this Study
i. Controls for unobserved, fixed differences: By design, DiD removes bias from any time-invariant unobservables across IBLI and non-IBLI households (e.g., innate risk preferences, long-standing social capital), a pervasive concern in program evaluations with non-random take-up [21–23].
ii. Accounts for common shocks: Time fixed effects absorb area-wide shocks (e.g., drought severity spikes, price swings) that hit both groups similarly, isolating differential changes attributable to IBLI [22–24].
iii. Transparent policy estimand: The interaction coefficient β\betaβ is directly interpretable as the program’s average causal effect on participants over the study horizon, aligning with policy questions about IBLI’s effectiveness [21, 24].
iv. Practical under data constraints: Compared to randomized designs that may be infeasible or unethical during climate shocks, DiD leverages routinely collected panel/Repeated Cross-Section (RCS) data and program rollouts to recover credible effects [22, 24, 25].
2.6.2 Key Assumptions and Diagnostics
The parallel trends assumption requires that, absent IBLI, the average change in the poverty index for treated and control households would have been the same. We assess plausibility using: pre-trend/event-study plots to test for differences before IBLI exposure; placebo tests (e.g., pretending treatment starts earlier) to check for spurious effects; and balance checks on covariates and exposure to shocks over time [21–23]. We further probe robustness by: adding flexible controls for time-varying confounders (e.g., drought intensity, market access), estimating alternative functional forms and heterogeneous effects by baseline wealth or herd size, and using cluster-robust or wild-cluster bootstrap standard errors given the finite number of clusters [5, 23].
2.6.3 Limitations and How We Mitigate Them
i. Violation of parallel trends: If IBLI adopters were already on different trajectories (e.g., proactively investing in resilience), β\betaβ could be biased. Our pre-trend checks and covariate adjustments reduce this risk [21–23].
ii. Time-varying confounders: Policies or shocks differentially affecting only one group can bias results. We incorporate time-varying controls and time fixed effects to soak up these influences [22, 24].
iii. Treatment anticipation or spillovers: Households may alter behavior in anticipation of IBLI, and risk sharing within communities could spill program benefits to non-participants. We discuss program timing, examine lead effects in event-study graphs, and consider spatial/kinship proximity tests to gauge spillovers [23, 25].
iv. Staggered adoption and heterogeneity: If households enroll at different times, standard two-way fixed-effects DiD can produce weighting artifacts. We perform sensitivity checks with cohort-wise/event-study estimators and report heterogeneity by entry cohort and exposure length [21, 24, and 25].
2.6.4 Suitability in the IBLI–Poverty analysis
In our setting, households were observed before and after IBLI exposure, with non-participants providing a contemporaneous counterfactual. The program rollout, recurrent climate shocks common to all locations, and the availability of repeated measurements make DiD particularly well-matched to the data-generating process. Moreover, clustered standard errors align with our ward/location sampling design, improving inference under within-cluster correlation [5]. Together with the satisfactory model fit (R-squared = 0.2541; RMSE = 1.3013), the DiD framework offers a rigorous and policy-relevant estimate of IBLI’s causal effect on poverty outcomes in arid and semi-arid contexts [20, 21–25].
3.0 Results and Discussion
3.1 Diagnostic Tests
i) Heteroscedasticity Test
In order to determine the existence of heteroscedasticity in the residuals of the regression model on poverty, Breusch- Pagan/Cook-Weisberg test was performed (Table 1). The test yielded a value of 1.06 at the value of 1 as the degree of freedom, and the p-value was 0.3022, so the statistical significance of heteroscedasticity was not supported. The p-value of 0.07 is bigger than 0.05, so we cannot say that constant variance is not a valid assumption. This proves that the residuals' variance was homogenous, which is one of the main assumptions of the statistical method used (OLS regression), and that the impact of IBLI on the outcomes of poverty occurrence was corroborated. The estimates of the standard errors of that model are reliable.as shown in Table 2.
Table 2: Breusch-Pagan / Cook-Weisberg Test for Heteroscedasticity
	Test
	χ² (1)
	p-value

	Breusch-Pagan / Cook-Weisberg
	1.06
	0.3022


Note. Null hypothesis: homoscedasticity. No heteroscedasticity detected.
ii) Normality of Residuals
In order to test the normality of the residuals, the Skewness/Kurtosis test was applied to the poverty model residuals. The outcomes showed a p-value of 0.8447 for skewness (Table 3), which is greater than 0.05. This indicates that the residuals are not significantly skewed and therefore approximate symmetry around the mean. However, the kurtosis statistic suggested some deviation from the normal distribution, implying heavier or lighter tails than expected under perfect normality.
Overall, since the assumption of normality in large samples is supported by the central limit theorem, minor deviations in skewness or kurtosis do not severely affect the reliability of the regression estimates. Hence, the residuals can reasonably be considered to follow an approximately normal distribution, making the model valid for inference.
Table 3: Skewness/Kurtosis Test for Normality of Residuals
	Variable
	Observations
	p(Skewness)

	resid_pov
	286
	0.8447


Note. Null hypothesis: normal distribution. Evidence of non-normality due to kurtosis.
iii) Multicollinearity Diagnostics – General Regression Variables
The plug-in diagnostic tools, such as the Variance Inflation Factor (VIF), were performed to test for multicollinearity among the general regression determinants (Table 4). The VIF values were all far below the critical threshold of 10, with the high VIF value of 5.51 for IBLI participation and 5.49 for wave. The average of VIF was 2.30. These findings denote that there is no serious multicollinearity within the model. The presence of multicollinearity would cause an increase in standard errors with a drop in the power of regression coefficients. The fact that it is not evident here implies that the model estimates on the poverty regression can be considered stable and interpretable.
Table 4: Variance Inflation Factor (VIF) for General Regression Variables
	Variable
	VIF
	1/VIF

	IBLI_Participation
	5.51
	0.181

	Wave
	5.49
	0.182

	Age_Group
	1.04
	0.961

	Household_Size
	1.03
	0.968

	Gender
	1.02
	0.981

	Monthly_Income
	1.02
	0.984

	Education_Level
	1.00
	0.996

	Mean VIF
	2.30
	


Note. VIF < 10 indicates acceptable multicollinearity levels.
iv) Model Specification Test
The Ramsey RESET test was adopted to check the omission of relevant variables in the poverty model. The test provided F(3, 278) = 0.16, with a p-value of 0.9227 (Table 4). This indicated that the model was adequately defined, since we cannot reject the null hypothesis that there has not been omission of variables. The reliability of the interpretation and policy suggestions founded on the outcomes of a regression model was enhanced via a properly-specified model. Based on this outcome, the model used to evaluate the effect of IBLI on poverty was statistically valid with no serious misspecification bias.
Table 5: Ramsey RESET Test for Omitted Variable Bias
	Test
	F(3, 278)
	p-value

	Ramsey RESET
	0.16
	0.9227


Note. Null hypothesis: no omitted variables. Model is correctly specified.
v) Autocorrelation
The outcome of the diagnostic tests for the autocorrelation affirms the lack of first-order serial dependence of the panel regression residuals. Wooldridge's test F-statistic was 1.42 with a  p-value of 237; Durbin Watson's statistic was close to 2.03, indicating nonexistence  of systematic correlation between the residuals across periods (Table 6). Similarly, the Breusch-Godfrey LM test statistic indicated that the chi-square value was insignificant (213), indicating independent errors. The results confirmed a central econometric assumption in the Difference-in-Differences (DiD) model, thus leading to an improved validity of causal inference. Residual dependency and other unexplained temporal shocks are not likely to cause bias in the observed consequences of IBLI design on poverty reductions. The responses to this will result in increased confidence surrounding the estimated treatment effects of the study, thus endorsing the measured impact of IBLI on poverty reduction among pastoralist households in the Hadado Sub-County.
Table 6: Test for Autocorrelation in Panel Data Residuals
	Test
	Test Statistic
	Df
	p-value

	Wooldridge F-test
	1.42
	(1, 67)
	.237

	Durbin-Watson statistic
	2.03
	
	

	Breusch-Godfrey LM test (χ²)
	1.55
	(1)
	.213



3.2 Impact of IBLI on Poverty among Pastoralists Using the Difference-in-Differences (DiD) Model
3.2.1 Pre-Intervention Balance Check
The independent samples t-test was used to determine whether the poverty level varied considerably between households that would subsequently join IBLI and those that did not join before the program's roll-out. Table 7 shows that the average poverty index of IBLI participants was 3.29 (SD = 1.404) as opposed to 2.99 (SD = 1.448) of non-participants. The participants experienced a difference of -0.299, which was not found to be statistically significant (t (284) = -1.50, p = 0.1358), although they had a slightly higher mean. The confidence interval of the difference (95%) -0.692 to 0.094 contains zero, implying that the two groups were equivalent in their baselines. This finding provides evidence of internal validity of the Difference-in-Differences (DiD) approach because it fulfils the principle of parallel trends (that is, without the intervention, both populations would have seen equal development in poverty across the years) [3, 12].

Table 7: Independent Samples t-Test on Pre-Intervention Poverty Index by IBLI Participation
	Group
	Observations
	Mean
	Std. Error
	Std. Dev.
	95% CI for Mean

	Control (0)
	218
	2.995
	0.098
	1.448
	2.802 – 3.189

	IBLI Participant
	68
	3.294
	0.170
	1.404
	2.954 – 3.634

	Combined
	286
	3.066
	0.085
	1.441
	2.899 – 3.234

	Difference
	
	-0.299
	0.200
	
	-0.692 – 0.094


t(284) = -1.50, p = 0.1358

3.2.2 Difference –in- Differences Regression Results
The Difference-in-Differences (DiD) regression model was used to measure the causal effect of IBLI participation on the outcome of poverty, but with both timing (midline and endline phases) and interaction effects consideration. The model used clustered robust standard errors to make the appropriate inference possible regarding the repeated measurement data, as several 68 household-level clusters were used (Table 8). The overall model fit was satisfactory, with an R-squared value of 0.2541 and a root mean square error (RMSE) of 1.3013. This indicates that approximately 25.4% of the variation in the poverty index was explained by the predictor variables included in the model [20]. The use of ordinary least squares (OLS) regression with clustered standard errors was appropriate, as it accounts for potential heteroscedasticity and intra-cluster correlation factors that are particularly important in small-sample field research settings [5].

Table 8: Model Summary: Difference-in-Differences Regression on Poverty Index
	Statistic
	Value

	Number of Observations
	68

	Number of Clusters (ID)
	68

	R-squared
	0.2541

	Root Mean Square Error (RMSE)
	1.3013

	Model Type
	OLS with Clustered SE

	Dependent Variable
	Poverty Index



3.3.3 Interpretation of Difference-in-Differences Regression Coefficients
The results of the difference-in-differences regression analysis are in Table 9. IBLI significantly decreased poverty levels with a coefficient of 1.350 (p = .001). The interaction term of participation in the IBLI at the midline phase (b = -1.253, p = .014) indicates that the poverty-decreasing impact of the program was highly significant at the scaling-up phase of this program. Also, the IBLI x Endline IRT (beta = -0.827, p = .073) was almost significant, implying that program effects persisted but in reduced form. The fixed endline phase effect (fixed 2 = -2.000, p < .001) indicates a high saturation effect, presumably due to better institutional integration or wider community involvement. These results agree with previous studies that have established that exposure to IBLI over long periods could remarkably minimize poverty risks among pastoralists' households [14, 9, 18].
The findings are also quite conclusive in supporting the contention that the reduction of poverty amongst the insured households by IBLI is high, especially at the scaling and maturity level of the programme. The reported midline effect can be attributed to enhanced awareness, selective outreach, and improved program delivery. In the meantime, the endline effect, albeit to a lesser extent, can also indicate the behavioral adaptation, increased institutional integration, or trusting the insurance mechanism more so [18, 4]. The high constant points to the underlying inherent weakness of pastoralist households in Hadado sub-County.

Table 9: Difference-in-Differences (DiD) Regression Results on Poverty Index 
	Predictor
	Coefficient (B)
	Std. Error
	T
	p-value
	95% Confidence Interval

	IBLI Participation (Yes)
	-1.350
	0.369
	-3.66
	.001
	-2.087      -0.613

	IBLI Phase (Midline)
	-0.817
	0.464
	-1.76
	.083
	-1.743      -0.110

	IBLI Phase (Endline)
	-2.000
	~0
	~∞
	.000
	-2.000      -2.000

	IBLI × Midline (Yes)
	-1.253
	0.519
	-2.45
	.014
	-2.369      -0.178

	IBLI × Endline (Yes)
	-0.827
	0.454
	-1.82
	.073
	-1.734      - 0.079

	Constant
	5.000
	0.619
	8.08
	.000
	3.764       - 6.236


These results support the claims that IBLI is a social protection tool over and above other resilience-building initiatives in arid and semi-arid areas. However, above all, the assumption of parallel trends remains central to the validity of the Difference-in-Differences model. Without sufficient substantiations of the outcome, future research should use the robustness checks or visual diagnostics to prove this assumption and strengthen the causal attribution [3].
The findings also align with other scholars who affirm livestock index-based insurance as a protective mechanism against asset losses that pastoralist households suffer during drought, making them slip into poverty traps [13]. Even though these were the positive results, the marginal endline interaction term may result from changing household behaviors, increased familiarity with the product, or increased institutional support through time.
Nevertheless, the use of IBLI in the study location is low, with only 23.78 percent of the households surveyed indicating that they used this measure. This underscores the existing impediments, including affordability, low awareness, and minimal levels of credence. To mitigate these limitations, special educational campaigns, subsidies of higher quality, and timely payout concepts are required to increase enrollment and effectiveness of these programs.
4.0 Conclusions 
This study evaluated the effects of Index-Based Livestock Insurance (IBLI) on poverty alleviation among the pastoralist households in Hadado Sub-County in Wajir County, Kenya. The results based on the Asset-Based Livelihoods Framework were analyzed using a difference-in-differences regression model, which revealed that the involvement of IBLI members helped alleviate poverty levels among the participants. The effects were particularly pronounced in the midline and endline periods, leading to the assumption that the longer the exposure to the program, the more influential it becomes.
The DiD results revealed that poverty indices of the households covered by IBLI significantly decreased. These findings were concurrent with the validity of the model through diagnostic tests. The results further showed that households with insurance coverage coped better with the shocks caused by drought, sustained their food security, and kept their livestock holdings intact.
5.0 Policy Recommendations
To enhance the effectiveness and scalability of IBLI, the following measures are recommended:
i. Awareness and Sensitization Campaigns: National and County governments, in collaboration with insurance providers and local leaders, should intensify community outreach to improve knowledge and trust in IBLI.
ii. Affordability Measures: Governments and development partners should consider subsidies or co-financing models to make premiums accessible to low-income pastoralist households.
iii. Timely and Transparent Payouts: Insurance companies should ensure prompt claim settlements to build confidence in the program and enhance its role as a reliable risk-management tool.
iv. Product Redesign and Customization: Insurance products should be tailored to the socio-economic realities of pastoralist households, including flexible premium structures and localized risk indices.
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