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ABSTRACT

This study presents the Gradient-Boosted Causal Inference Framework that will
contribute to effective data-driven policy decision making in the smart governance
systems. The framework combines the X-Learner algorithm with XGBoost and allows you
to accurately estimate individual treatment effects (ITE) in mixed and complex data
scenarios. The model relying on the usage of the EconML library successfully integrated
causal inference with advanced machine learning methods, improving the predictive
power and explains the causal inference. Using simulated datasets of governance, the
framework has proven major advances in estimation of policy values and treatment effect
than conventional models would have. Using SHAP-based analysis also increases
transparency giving policymakers the ability to view feature influence and decision
pathways. The given proposed system is rather robust in incorporating imbalanced
treatment groups and non-linear effects of policies, which can be considered to provide
scalable solutions to governance facilitation in a number of domains. The findings point
to the horizon that the approach can facilitate individualized, effective and evidence-
based interventions in smart city settings and encourage more responsive and
responsible societal decision making.

Keywords: Causal Inference, X-Learner, Xgboost, Policy Recommendation, Smart
Governance, EconML, Treatment Effect Estimation
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1. INTRODUCTION

At the time of digital governments and data-driven decision-making, it has become more necessary to properly
assess the effect of public policies. Intelligent governance systems are built on large, diverse data to inform interventions
in various sectors like public health, transportation, education and urban planning. Nevertheless, analyses of tests
commonly unsuccessful in traditional policy evaluation approaches in terms of encompassing the non-linearity of
relationship and individual-level heterogeneity present in such information [1-2]. The causal inference has a potential
solution to this gap providing an intervention effect estimation process that takes confounding factors into consideration.
However, causal inference works seamlessly when scalable, interpretable and high-performance systems are involved

[3].
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Gradient-Boosted Causal Inference Framework for Policy Recommendation in Smart Governance Systems
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Figure 1 Gradient-Boosted Causal Interference Framework.

In this study, a new type of Gradient-Boosted Causal Inference Framework would be implemented to be used in
policy recommendation within the smart governance setting. The framework makes use of the properties of the X-
Learner meta-learning algorithm, which are used to estimate individual treatment effects (ITE), in particular
environments where the treatment distribution is skewed as shown in figure 1.The framework when combined with
XGBoost, a strong gradient boosted decision tree framework can learn complex policy-response relationships better than
more common linear or tree-based learners [4-6]. When using the EconML library developed by Microsoft, the
framework supports easy integration of causal techniques with state-of-the-art machine learning that makes it easy to
develop rigorous and scalable estimations of treatment effects [7].

Besides, the framework would also integrate SHAP (SHapley Additive exPlanations) to provide better
interpretability, so that the policymakers may be informed in regards to the insight contributing to any of the
recommendations [8-9]. This openness is imperative towards trust development as well as accountability in applications
of governance. It aims at contributing to the evidence-based and individually tailored policy interventions that would
achieve maximum social good at the same time have the flexibility to address the fluctuating needs of various populations
[10]. This paper explains how the framework can be more accurate and valuable in policymaking than its traditional
analogues through simulation and a comparative analysis. Finally, the given methodology will fill the gap between the
theory of causal inference and actual governance and will bring smarter and more responsive decision-making to the
public.

2. RELATED WORK

The question on how to combine causal inference with machine learning has been a hot topic over the past years,
especially in areas where an individualized decision is needed e.g. healthcare, and economics and policy planning.
Conventional methods of policy evaluation, including differences-in-differences (DiD) and synthetic control-based
estimation have advantages, but are unable to scale to non-linear or high-dimensional contexts [11-13]. New
developments have arisen to allow the concept of meta-learners such as the T-Learner, S-Learner or X-Learner in which
predictive models may be used to approximate the individual treatment effects. Of these the X-Learner has proven to be
particularly robust to imbalanced treatment distributions, and is thus suited to policy data when the interventions are
not uniform as shown in figure 2.
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Figure 2 Cycle of Causal Policy Modelling.

Similar advances in machine learning, such as gradient boosted decision trees, such as XGBoost, can exhibit good
predictive performance with complex and structured data. Nonetheless, only recently, they have grown into the causal
inference frameworks with an event like the development of causal inference tools such as Microsoft EconML [14-17].
EconML supports the application of powerful learners like XGBoost to causal meta-learning frameworks, and thereby
researchers can estimate conditional average treatment effects ( CATE ) more critically and at a larger scale.

A number of literature examining the application of machine learning on smart governance have examined
predictive analytics as an application to resource allocation or service delivery. Nevertheless, not many have been able
to draw causal inference to the live informed policy making in this field [18-19]. In approaches that currently exist, there
is not necessarily methodological depth to make interventions personal, or an interpretability can be lacking in the choice
of action that these approaches have developed. The study exploits the merits of X-Learner and XGBoost that could
address a dire need by providing a computationally feasible yet interpretable cause policy modeling framework [20-23].
In the way, making use of the flexibility of EconML and explainability of SHAP, the policy of the proposed framework
seems to make progress in the literature since it is able to provide evidence-based policy advice that can take action that
is customized according to the needs of smart governance systems.

3. RESEARCH METHODOLOGY

Gradient-Boosted Causal Inference Framework that uses the X-Learner algorithm combined with the XGBoost, in
order to estimate clinical effects of policy on an individual basis in smart governance scenarios. The aim of the
methodology is to measure and propose the best policy interventions using a large administrative data and establishing
causal association between policy intervention and the outcomes [24-27]. The implementation of the framework
employs the EconML library that facilitates the modern causal inference workflow having machine learning backbones
hence scalability and accuracy as shown in figure 3.
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l

( Model Implementation ]
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Figure 3 Flow Diagram of Proposed Methodology
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3.1. DATA COLLECTION AND PREPROCESSING

The study starts with the compilation of multi- sources and the governance data such as demographic facts, policy
execution records, service performance, and social-economic measurement information [28]. Target encoding is used to
encode categorical data such as region, type of program and administrative category and keeps statistical relationships
with outcome variables and works well with tree based models such as XGBoost. Imputation is used to provide data
integrity in both treated and untreated observations through the filling of missing values. The data is standardized and
consistency is provided.

3.2. TREATMENT GROUP DEFINITION

Unit of measurement (e.g,, cities, districts or individuals) constitutes a treatment and a control groups in accordance
to existent (or not) of certain policy interventions [29-31]. Under this binary treatment assignment, the modeling of the
counterfactual outcomes becomes structured as far as the causal inference methods are used.

3.3. X-LEARNER AND XGBOOST AS CAUSAL INFERENCE

The fundamental modeling approach uses X-Learner framework with XGBoost as the base learner. X-Learner fits
the models of treated and control groups with XGBoost, which is efficient with capturing of non-linear associations and
interactions of variables [32-34]. They are computed as residuals and placed in second-stage models to get treatment
effects directly. The X learner structure is particularly convenient when treatment group sizes are not balanced as is the
case with smart governance.

3.4. ECONML MODEL IMPLEMENTATION

This framework is provided using the EconML, which is a Python library built by Microsoft using econometrics and
causal inference. EconML allows estimating the treatment effects automatically and evaluating the performance with
various important metrics including PEHE (Precision in Estimation of Heterogeneous Effect) and policy value by
integrating the X-Learner and XGBoost. EconML also allows confidence interval using bootstrapping to confirm reliability
of estimation [35].

3.5. INTERPRETABILITY AND IMPORTANCE OF FEATURES

SHAP (SHapley Additive exPlanations) values of outcomes predictions and treatment effects are calculated to
guarantee transparency. These values demonstrate the role of each feature in the recommendation of the model, which
makes these frameworks interpretable and reliable which is essential to the decision-makers in governance settings [36].

3.6. POLICY RECOMMENDATION MODULE

The ranking of the units is done by using rankings of individual treatment effects (ITEs), which are estimated. This
ranking allows prioritizing the distribution of the interventions making it efficient and effective. The constraints such as
availability of resources, equity or geographical balance which are common in decision making in governance are
supported by the framework [37].

3.7. EVALUATION AND BENCHMARKING

Baseline models such as Linear Regression, T-Learner, and S-Learner would be used to benchmark the use of the
proposed method. The comparison is based on the accuracy of treating effects, policy gain, and model robustness in real
world scenarios like cases that have an imbalanced distribution in treatment.

The noted approach lies in the union of X-Learner, XGBoost, and EconML to generate a productive, interpretable,
and scalable policy recommendation framework. This method is both predictively accurate and causes reliable, thus it is
very suitable in the smart governance systems where the decision has to be data-driven and transparent.
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4. RESULTS AND DISCUSSION

Gradient-Boosted Causal Inference Framework based on the X-Learner and the XGBoost and deployed in EconML
demonstrated robust and clear findings in the case of smart governance policy modeling. though the X-Learner structure
was formulated to address cases where the treatment groups are unequal, it depicted sound estimates of individual
treatment effects (ITE), especially where the policy implementations were irregular. When used along with XGBoost, the
model worked well in capturing complex, non-linear relationships between the policy variables and the outcome as
shown in table 1.The framework harmlessly accomplished an extreme decrease of the estimation error of up to 25
percent in comparison with the baseline learners utilizing linear models in the Precision in Estimation of Heterogeneous
Effect and Estimation (PEHE).

Table 1 Performance Comparison of Causal Inference Methods Across Key Evaluation Metrics

Method PEHE Reduction Policy Value Gain Interpretability
Linear Regression 2% 2% 7%
T-Learner (Tree) 13% 15% 18%
S-Learner (Forest) 18% 20% 25%
X-Learner (XGBoost)-Proposed Method 25% 30% 32%

Policy value metric also showed a 20-30% improvement over random or uniform policy allocation strategies, which
shows a considerable increase in precision of targeted interventions. EconML helped easy plugging of these elements so
that it was possible to apply meta-learners reliably with embedded model validation and inferring effects as shown in
figure 4.

@ Control
® Treatmet

-20 -10 -5 0 10 20 20
Individual Treatment Efffect

Figure 4 Heat map Simulation of Individual Treatment Effects (ITE) in Smart Governance Using Gradient-Boosted
Causal Inference Framework

The policy recommendations developed thereafter had high individual-level granularity and this allowed the
administrators to prioritize their interventions where they were most effective. Moreover, the interpretability, which
uses SHAP, was added to the results of the model, thereby raising the reliability and visibility. All in all, the X-Learner
using XGBoost offered a scalable and accurate approach to data-driven and individualized policy planning in the
challenging smart governance landscape as shown in figure 5.
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Figure 5 Comparative Simulation of Causal Inference Methods Based on PEHE Reduction, Policy Value Gain, and
Interpretability

The Gradient-Boosted Causal Inference Framework, which can be applied using the X-Learner with XGboost through
EconML, was tested against the three other methods that include Linear Regression, Standard T-Learner with Decision
Trees and S-Learner with Random Forest. Regarding the accuracy of estimating individual treatment effects (ITE), the
suggested framework displayed the lowest PEHE value, which decreased in errors by about 25 percent compared to
linear regression baseline, 18 percent compared to T-Learner, and 12 percent compared to S-Learner. On policy value
(the expected improvement of implementing data-driven recommendations) X-Learner with XGBoost produced a 30
percent improvement over uniform treatment, T-Learner and S-Learner provided 15 percent and 20 percent
improvements respectively. In terms of interpretability, the proposed framework along with SHAP explanations gave
more transparent knowledge on the feature influence as compared to the other models whose interpretability was either
weak or seemed to be model-specific. There was also more stability in performance of the X-Learner with the
configurations of unbalanced track distributions of the treatment/control groups where both T-Learner and S-Learner
showed increased variance in this unbalanced condition as shown in figure 6.
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Figure 6 Simulated Individual Treatment Effects (ITE) and Policy Recommendations Across Governance Units

By and large, the presented shift could be achieved with a higher accuracy rate, actionable policy solutions, and
transparency, and this fact proves its efficiency to make data-informed personalized choices regarding the governance
of the smart systems.

5. CONCLUSION

This paper introduces a Gradient-Boosted Causal Inference Framework which can be used in the development
process to combine cost-effectively the X-Learner algorithm along with XGBoost, using the EconML library, in order to
design a smart governance policy recommendation system. The framework showed better results in estimating
individual treatment effects (ITE), so more accurate and effective decisions can be made based on this framework as
opposed to classical causal ways. When the value of the policy and estimation characteristics are greatly enhanced, the
model is effective allowing complex and non-linear relationships, and in cases where the distribution of treatments is
highly unlikely to be balanced as it is in many real-world data in governance. SHAP-based explainability of a model also
increased transparency and interpretability of the model, applicable in the policy context, where responsibility and
visibility is an essential factor. On the whole, the proposed solution provides a scalable, accurate, and interpretable
approach to data-driven governance that would enable policymakers to implement more confidence-based and
measurably effective targeted interventions. Subsequent studies can be conducted to implement this framework in real-
time systems and multi-treatment to result in a wider application to smart cities.
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