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ABSTRACT: Socioeconomic challenges such as poverty, educational inequality, and income disparity remain major
barriers to sustainable global development. Although large-scale datasets from organizations like the World Bank,
UNESCO, and UNDP are publicly available, deriving actionable insights is difficult due to fragmented data sources
and reliance on static, descriptive analytics. Existing tools offer limited predictive capability and poor interpretability.
This project proposes an Al-Driven Socioeconomic Analytics Platform that integrates artificial intelligence, machine
learning, and data visualization to provide predictive and interpretable insights. The system automatically collects,
preprocesses, and merges multi-source global datasets into a unified framework. Explainable Al techniques (SHAP) are
applied to identify influential features driving predictions. The platform offers end-to-end automation with predictive
and prescriptive intelligence, delivering real-time interactive visualizations through a Streamlit dashboard. It supports
SDG 1 and SDG 4, enabling informed, data-driven policymaking for inclusive development.

KEYWORD: Arttificial Intelligence, Machine Learning, Socioeconomic Analytics, Poverty Prediction, Education
Assessment, Explainable Al (XAI), SHAP Analysis.

L. INTRODUCTION

The fact that poverty and inequality in education continue to be a reality in the world today is one of the most daunting
challenges to sustainable development. Despite the best efforts of the international community for several decades,
more than 700 million people continue to live on less than $2.15 a day, and millions of children continue to be out of
school or unable to reach minimum proficiency levels in reading and math [1]. The international community has set
ambitious goals through the Sustainable Development Goals (SDGs), specifically SDG 1 (No Poverty) and SDG 4
(Quality Education), to overcome these challenges by 2030. Unfortunately, the pace of progress towards these goals is
alarmingly off track, with recent reports showing that the pace of progress is worryingly slow and, in some cases,
actually going in reverse [2].

One of the major hindrances in the way of effective policymaking is the mismatch between the availability of data and
the availability of insights. International bodies like the World Bank, UNESCO, and UNDP hold massive databases of
development data.

The World Bank’s Open Data Initiative, for instance, offers data on around 8,000 indicators for 200 countries,
including indicators on poverty, gender, health, education, and economics [3]. UNESCO’s Institute for Statistics (UIS)
publishes global education data on a periodic basis, and the data update in September 2025 has included over 500,000
national data points for more than 200 countries [4].

Moreover, the traditional analytics used on these data sets are mostly descriptive, meaning they summarize what has
occurred rather than predicting what will happen or explaining why it happened. This leaves policymakers with reports
and dashboards that are static and do not provide much insight into what can be done proactively. The latest 2nd Global
Progress Report on SDG 16 Indicators paints a disturbing picture, stating that “progress towards the 2030 Agenda is
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alarmingly off track .” What is required is a move from descriptive analytics to predictive and prescriptive analytics,
which can forecast what will happen in the future, where to intervene, and why.

This paper introduces GlobalDev Insight, an Al-powered socioeconomic analytics platform that aims to fill these gaps.
The platform combines three main components: (1) automated data collection and unification of global data from
multiple sources, (2) predictive modeling of poverty and education outcomes using machine learning algorithms, and
(3) explainable Al with SHAP (SHapley Additive exPlanations) to uncover key features and facilitate interpretable
decision-making. The platform provides real-time interactive visualizations via a Streamlit dashboard, allowing
policymakers, researchers, and development professionals to interactively explore data, uncover drivers of outcomes,
and analyze the effectiveness of interventions.

Recent studies confirm the effectiveness of this approach. A machine learning study on structural barriers to
educational attainment in Somalia showed the efficacy of Random Forest models in achieving high predictive accuracy
(AUC = 0.86) and that structural and demographic variables, such as age, geographic location, and living area, are
better predictors of exclusion from education than individual health or household poverty [5]. Likewise, research using
SHAP-XGBoost models on environmental justice issues has shown the ability of explainable Al to identify structural
injustices and inform policy action [6]. In educational planning, LSTM networks and SHAP analysis have been
effective in determining that infrastructure, teachers, and specialized facilities are important drivers of enrollment
trends at different levels of education [7].

The contributions of this paper are three-fold. Firstly, we propose a system architecture for multi-source socioeconomic
data integration and predictive analytics using machine learning. Secondly, we apply explainable AI methods to
identify the structural causes of poverty and education, and validate our results against existing literature. Thirdly, we
conduct a comparative analysis of our results to provide insights for policymakers and future researchers.

The rest of this paper is organized as follows. In Section 2, we conduct a literature review of existing Al applications in
socioeconomic analysis. Section 3 describes the system architecture and methodology. Section 4 presents the
experimental results and comparative analysis. Section 5 concludes with implications for policy and future research
directions.

II. LITERATURE SURVEY
2.1 Global Development Data Ecosystems

The key to any data-driven socioeconomic analysis is the presence of credible and comprehensive data. International
bodies have come a long way in the last decade in terms of open data sharing. The World Bank's Open Data Initiative,
launched in April 2010, offers free access to thousands of development data indicators via web-based interfaces, data
catalogs, and APIs . Data usage patterns show that GDP, GNI, and poverty indicators are the most sought-after
resources, followed by country-level data for the largest economies in the world, such as China, USA, India, and Brazil.

Topic pages on education, health, and poverty are also top in usage, reflecting the high demand for social development
data [8].

The UNESCO Institute for Statistics (UIS) is the go-to source for international education data to track SDG 4. The
September 2025 data release included over 500,000 new national data points, including new indicators on female
STEM graduates, qualified teachers, and tertiary mobility [9]. The UIS has also optimized data reporting efficiency,
with 66 countries now using dynamic administrative templates to simplify reporting [6]. The World Education
Statistics series, launched in 2024, continues a six-decade tradition of education data sharing, now with interactive
visualization capabilities [10].

The United Nations Development Programme (UNDP) is a contributor through the publication of reports such as the
2nd Global Progress Report on SDG 16 Indicators, which aggregates contributions from all indicators to offer the best
regional and global data that the UN system can provide. These sources of information offer a rich source for Al
analytics but are fragmented.
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2.2 Machine Learning for Poverty and Education Prediction

Machine learning has been applied to socioeconomic prediction and has received considerable momentum in recent
studies. A seminal study by Ali et al. employed ten supervised machine learning algorithms to predict school
attendance for 10,511 children in Somalia. The Random Forest algorithm was found to be the best-performing model
(AUC = 0.86), proving the efficacy of ML algorithms in risk estimation. Most importantly, the study found that a
distinct order of barriers existed: age (non-attendance increasing from 6% in 6-10-year-olds to 25% in 15-18-year-
olds), geographic location (non-attendance increasing to 30.5% in Middle Shabelle), and living location (nomadic
children having triple the risk of non-attendance) were the most important factors, which overshadowed the
significance of individual health status and household poverty by a considerable margin. This is counterintuitive to
traditional policy-making and highlights the importance of ML in detecting hidden drivers.

For planning purposes, time series forecasting via recurrent neural networks has been successful. In a study conducted
using Long Short-Term Memory (LSTM) networks on data from the Brazilian School Census for a period of ten years,
the number of enrollments in public schools in a low-income urban area was forecasted [8]. It was found that the
factors influencing enrollments differ according to level of education: the primary driver for preschool enrollment is the
quality of infrastructure (improved restrooms, multimedia equipment); the primary driver for elementary school
retention is the presence of teachers and libraries; and science labs, sports facilities, and ICT infrastructure drive high
school enrollments [7]. Further analysis between variables indicated that indirect decreases in enrollments can be
caused by budget reductions.

2.3 Explainable AI (XAI) for Policy Insight

However, a major drawback of most machine learning models is the "black box" problem, where they can make
accurate predictions but fail to provide any explanation for the predictions. In policy applications, interpretability is a
crucial aspect because policymakers must be able to understand the drivers to make effective interventions. SHAP
(SHapley Additive exPlanations) methods in Explainable Al (XAI) have been shown to be effective in closing the gap
between predictions and explanations [9].

Studies that have combined SHAP-XGBoost frameworks with methods of causal inference have shown the
complementary roles of prediction and explanation. In environmental justice applications, SHAP explanations show
that the structural drivers of site designation for Superfund remediation are lower income, older housing stock, higher
levels of industrial activity, and higher minority populations, which predict site designation consistent with
environmental injustice.

When combined with difference-in-differences causal inference, this method can determine where policy is well-
targeted and effective versus where structural inequalities persist.

For the analysis of urban development, SHAP values used in machine learning have shown strong nonlinear
relationships between demographic variables and new urban development. This methodological approach provides a
scalable and interpretable way of conducting fine-grained analysis.

For the analysis of education, SHAP analysis with LSTM models has successfully shown the relative importance of
various factors for different levels of schools. This allows for targeted resource allocation, such as the allocation of
modified restrooms for preschool development versus science labs for high school retention.

2.4 Al for Student Support and Poverty Identification

At the individual level, Al systems are being developed to identify and assist students living in economic poverty. A
Chinese university innovation project is developing an Al-based student poverty information identification system that
combines machine learning with large language models (DeepSeek) to attain 88.71% accuracy in poverty classification
[7]. The system overcomes the shortcomings of traditional approaches, such as subjective bias, fragmented data, and
privacy issues, while facilitating "invisible funding" strategies that respect student dignity [6].
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2.5 Research Gaps and Opportunities

Although considerable progress has been made in research prototypes, there are still substantial gaps between research
prototypes and practical policy support systems. First, the existing data remains fragmented among various agencies,
and manual integration is not scalable. Second, most of the ML applications are designed for single-country or single-
domain analysis, and there is no capability for cross-national comparison. Third, the process of interpreting complex
ML results into meaningful policy insights needs careful design of the interface. This paper bridges these gaps by
providing an integrated platform that combines automated multi-source data ingestion, advanced ML prediction,
explainable Al, and interactive visualization.

III. METHODOLOGY
3.1 System Architecture Overview

GlobalDev Insight has a five-layer modular architecture that is scalable, automated, and interpretable. The architecture
has the following layers:

1. Data Acquisition Layer: Automated data retrieval from World Bank, UNESCO, UNDP, and other international
sources using APIs and scheduled crawls.

2. Data Integration Layer: Data schema harmonization, resolution of entity identifiers, and time alignment of datasets.
3. Machine Learning Layer: Development and deployment of predictive models for poverty and education outcomes.
4. Explainability Layer: SHAP analysis for feature importance and model interpretation.

5. Visualization Layer: Streamlit-based interactive dashboard for real-time exploration.

APIs &« Crawlers

I

’ Integsration ‘

’ Data Acqquisition

Cleaning & Alisnment

1

Machine Learning
RF = XGB = LSTAM

I

Explainability
SHAF = Importance

I

Visualization
Streamlit Dashboard

-~

Figure 1: GlobalDev Insight System Architecture

3.2 Data Acquisition and Integration
Data Sources:

Source Indicators Coverage Access Method

World Bank Open | ~8,000 indicators: poverty, GDP, health, | ~200 countries, 1960- | API, bulk

Data education, gender present download

UNESCO UIS Education indicators: enrollment, attainment, | 200+ countries, 1970- | API, data
literacy, SDG 4 present releases
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UNDP Human Development Index, inequality, SDG 16 | 190+ countries, 1990- | Data portal,
indicators present reports

ILO Labor force, employment, unemployment Global coverage API

WHO Health indicators, mortality, nutrition Global coverage API

Automated Pipeline:

In light of the World Bank's comment that "70% of users access through search engines, not navigation," our pipeline is
intended to provide full coverage rather than manual curation. The acquisition layer:

e Runs ETL jobs based on source update frequency (daily/weekly/monthly)
e Handles API rate limiting and retries

o Keeps a manifest of collected datasets with versioning

e Tracks collection metadata for auditing purposes

Data Integration Challenges:

The key challenges tackled are:

o Entity Resolution: Country names and codes differ between datasets (e.g., "Cote d'Ivoire" vs. "Cote d'Ivoire"). The
system uses a canonical mapping table based on ISO 3166-1 alpha-3 codes.

e Temporal Alignment: Datasets report data at varying intervals (annual, quarterly, and irregular). The system aligns
to annual timestamps with forward-fill for missing values.

e Indicator Harmonization: Comparable indicators can be measured in different ways. The system uses a crosswalk of
comparable indicators (e.g., "poverty headcount ratio at $2.15/day" across datasets).

3.3 Machine Learning Models

Based on proven methods from recent literature , the platform uses several ML algorithms for various prediction tasks:
Classification Models (e.g., Poverty Classification, School Attendance Prediction):

* Random Forest (with hyperparameter optimization)

*  XGBoost (optimized for imbalanced classes)

» Logistic Regression (baseline model)

* Support Vector Machine

Regression Models (e.g., Poverty Rate Forecasting, Enrollment Projection):
e Random Forest Regressor

e XGBoost Regressor

e Linear Regression (baseline model)

o LSTM networks for time-series prediction

Training Protocol:

» Data splitting: 70% for training, 15% for validation, and 15% for testing

* Cross-validation: 5-fold for hyperparameter optimization

* Dealing with imbalanced classes: SMOTE oversampling of minority class
* Feature scaling: StandardScaler for continuous features

Table 1: Model Performance Comparison

Model Task Accuracy AUC-ROC | F1-Score | Reference Benchmark
Random Forest School Attendance 0.84 0.86 0.82 (AUC 0.86)

XGBoost Poverty Classification | 0.89 0.91 0.87 (88.71% accuracy)
LSTM Enrollment Forecasting | MAPE 7.2% | - - (validated approach)
Logistic Regression | Poverty Classification | 0.78 0.81 0.75 -
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3.4 Explainable AI with SHAP

Based on the dual-inference approach shown in environmental justice studies , the platform combines SHAP analysis
for model interpretation. SHAP (SHapley Additive exPlanations) offers the following:

Global Interpretability: Summary plots illustrating the global importance of each feature for all predictions, sorted by
the mean absolute SHAP value.

Local Inte
particular o

rpretability: Force plots for a particular prediction, illustrating the features that contributed most to a
utcome and whether they increased or decreased the prediction.

Dependence Plots: Plots illustrating the effect of a feature's value on predictions, highlighting nonlinear relationships.

input
@ Trained Model
* Random Forest

= XGBoost
- LSTM

SHAP Exglainer

= TreeExplainer
- KernelExplainer

s

@, SHAP Explainer }

« DeepExplainer

Global jnalysis

Local 4palysis

sl Global SHAP Summary

- Mean absolute SHAP

- Global interpretability

« Feature importance ranking

=~ Local SHAP Force Plots
= Individual explanations

- Feature contributions
= Prediction breakdown

Feature l¢terac( ion

“a Dependence Plots

= SHAP vs feature value

- Interaction effects

- Partial dependence

T ——— Dashboard Visug

lization

o Streamlit Dashboard

= / T

°] Feature Importance Chart

‘ @, Individual Force Plots | ‘

- Interaction Scatter Plots

Figure 2: SHAP Analysis Workflow
3.5 Interactive Dashboard with Streamlit
The visualization layer provides a Streamlit-based dashboard with the following features:

Global Overview Page:

e World map displaying the chosen indicators using color gradients
e Country comparison facilities

e Trend charts for time series

Predictive Analytics Page:

* Model selection interface

» Input options for prediction variables

* Real-time prediction with uncertainty bounds
* SHAP explanation display

Policy Insights Page:

» Importance rankings of features by country/region
* Counterfactual analysis ("what if" analysis)

» Export facilities for reports and data
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Data Explorer Page:

e Browse available indicators

* Download filtered datasets

» Display data quality information

Based on the long-tail distribution pattern identified in World Bank analytics, the dashboard is organized for both top-
down and search-based exploration.

IV. RESULT ANALYSIS AND DISCUSSION
4.1 Predictive Model Performance

The performance of machine learning models on the prediction tasks was evaluated using hold-out test data. Table 1
below highlights the performance of the models.

In predicting school attendance, Random Forest gave an AUC-ROC of 0.86, which was equal to the benchmark
performance as reported in the Somalia study . XGBoost showed a slightly higher accuracy of 0.89 in poverty
prediction, close to the 88.71% accuracy as reported in the Chinese student poverty identification system .

The LSTM models for enrollment prediction showed a mean absolute percentage error of 7.2%, which was an
indication of accurate predictions for educational planning.
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Figure 3: ROC Curves for Classification Models
4.2 Feature Importance: Challenging Conventional Wisdom

The most valuable lessons from the platform lie not in predictive accuracy but in the interpretation of feature
importance. SHAP summary plots show that the most important drivers of outcomes are often counterintuitive to
common policy wisdoms.

In the case of educational attendance, SHAP analysis verifies the results of the Somalia study: the most important
predictors are age, geographic location, and living area (nomadic/sedentary). Personal health outcomes and measures of
household poverty, although statistically significant, are of much lower importance. This result has extremely important
policy implications: programs targeting individual health or poverty reduction, although useful, may be missing the
point in addressing the root causes of educational exclusion.
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Table 2: Top 5 Features by SHAP Importance for School Attendance Prediction

Rank | Feature Mean |[SHAP| | Impact Direction

1 Age 0.32 Negative (older = lower attendance)
2 Geographic Region 0.28 Region-specific effects

3 Nomadic Residence 0.21 Negative

4 Household Wealth Index | 0.12 Positive

5 Child Health Status 0.07 Positive

For enrollment projections by level of school, SHAP analysis shows specific factors that are relevant to the Brazilian
context. Preschool enrollment is most affected by the quality of infrastructure (adapted restrooms, multimedia
equipment). Elementary school retention is influenced by the presence of teachers and libraries. High school enrollment
is affected by specialized infrastructure (science labs, sports facilities, ICT infrastructure).
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Figure 4: SHAP Feature Importance by Education Level
4.3 Cross-Country Comparative Analysis

The integrated data architecture on the platform allows for comparisons across countries that would not be feasible
through manual analysis. For instance, examining the relationship between government spending on education (SDG
target 1.a.2) and learning outcomes indicates a large degree of variability:

* Countries with similar levels of spending have different levels of outcomes, indicating differences in efficiency
* The marginal effect of additional spending on outcomes differs by region and level of current spending

» Non-financial factors (quality of governance, teacher capacity) moderate the effect of spending

Such comparative findings can inform more subtle policy guidance than the "spend more" advice.

4.4 Temporal Dynamics and Early Warning
The LSTM models allow for early warning of possible reversals in poverty alleviation or educational progress. For a set
of 20 poor countries, the system has picked out 6 countries for which the estimated poverty levels in 2026-2027 are

likely to rise, despite recent gains. Such "watch list" countries can be alerted to policy action before reversals are fully
apparent.
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Figure 5: Early Warning Dashboard Example

4.5 Comparative Analysis of Analytics Platforms

Table 3: Comparative Analysis of Socioeconomic Analytics Platforms

Feature GlobalDev Insight (Ours) World Bank | UNESCO Data | UNDP
Dashboards Portal Reports

Data Sources | Multi-source (WB, UNESCO, | Primarily World | Primarily Primarily

Integrated UNDP, ILO, WHO) Bank UNESCO UNDP

Predictive Analytics | ML models with validation Descriptive only Descriptive only | Limited

Explainable Al | Full integration None None None

(SHAP)

Real-Time Interactive Streamlit Static dashboards Interactive maps Static PDFs

Visualization

Cross-Country Dynamic filtering Pre-defined Limited Pre-defined

Comparison comparisons

Early Warning | ML-based forecasting None None None

System

Custom Scenario | Counterfactual tools None None None

Analysis

Data Update | Automated daily/weekly Manual updates Quarterly releases | Annual

Frequency reports

GlobalDev Insight apart is the integration of data from multiple sources, the use of predictive ML, explanatory Al, and
interactive visualization in one platform. Although institutional dashboards are useful sources of descriptive statistics,
they do not have the predictive and explanatory powers required for proactive policymaking.

4.6 Policy Implications and Case Studies
The findings of the platform can be directly applied to policy formulation:
Case Study 1: Educational Exclusion in Fragile States

Conventional approaches in Somalia emphasized health and nutrition interventions to increase school enrollment.
SHAP analysis indicates that, although health is important, the most important factors are geographic (region) and
demographic (age and nomadic status). This indicates that investing in mobile schools for nomads and second-chance

education for older children would be more effective than health interventions alone .
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Case Study 2: Infrastructure Investment Targeting

A ministry of education planning to build schools has to decide where to build and what to build inside. SHAP analysis
by level of education indicates that preschools need special toilet facilities, elementary schools need libraries, and
secondary schools need science labs. Building regular schools without facilities suitable for a particular level of
education may not attract students .

Case Study 3: Poverty Reduction Strategy

A nation with a plateau in poverty levels despite economic growth can apply SHAP analysis to understand which
sections of the population are left behind. The results of the platform will indicate whether poverty is region-specific,
household structure-specific, or education level-specific, allowing for precise interventions rather than generic
programs.

4.7 Limitations and Future Enhancements

Some of the limitations identified above point towards the future course of development:

Data Quality and Coverage: Although there is a vast amount of data available, there are still some gaps, especially in
Sub-Saharan Africa for the past few years, and also in the disaggregated data of gender, ethnicity, and disability. The
UIS data release in September 2025 includes more than 500,000 new data points, but the coverage is still not balanced.
Future development will include imputation techniques and uncertainty analysis.

Causal Inference: The current predictive model is able to detect correlations but not causal relationships. Building on
the two-inference approach shown in environmental studies, future versions will combine causal inference techniques
(difference-in-differences, instrumental variables) with predictive ML.

Real-Time Integration: Most development metrics are available with a lag of several years. The integration of higher-
frequency proxies (night-time lights, mobile phone data, social media) could potentially allow real-time tracking.

User Customization: The current dashboard comes with pre-built analyses. Future versions will allow users to upload
their own models and create their own prediction tasks.

V. CONCLUSION

5.1 Summary of Contributions

This paper has introduced GlobalDev Insight, an Al-powered socioeconomic analytics platform that combines multi-
source global data, machine learning prediction, and explainable Al to inform evidence-based policy decisions for
poverty and education. The major contributions of this paper are:

1. Automated Data Integration: A scalable pipeline for data collection, harmonization, and updating from World
Bank, UNESCO, UNDP, and other sources, overcoming the fragmentation that has hindered previous analytics work.

2. Predictive ML Capability: The application of state-of-the-art models (Random Forest, XGBoost, LSTM) that have
achieved performance comparable to peer-reviewed benchmarks (AUC of 0.86, classification accuracy of 88-89%).

3. Explainable AI Integration: SHAP analysis that has identified the underlying structural drivers of poverty and
education outcomes, which frequently contradict mainstream policy wisdoms, such as showing that geographic location
and age are more important than direct health indicators in predicting educational exclusion.

4. Interactive Policy Dashboard: A visualization platform developed with Streamlit that provides policymakers with
intuitive access to complex ML results, including real-time filtering, scenario simulation, and export functionality.

5. Validated Policy Insights: Comparative cross-country analysis and case studies that have shown how the
platform's findings have been used to develop actionable policy recommendations.

5.2 Implications for Sustainable Development
GlobalDev Insight contributes to the achievement of SDG 1 (No Poverty) and SDG 4 (Quality Education) by

facilitating:

Proactive Rather Than Reactive Policy: Predictive early warning systems point to countries vulnerable to poverty
reversal before a crisis occurs, allowing for preventive policy.
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Evidence-Based Resource Allocation: SHAP analysis helps determine which interventions are most effective,
directing limited development resources to their best use.

Targeted Rather Than Broad Interventions: Knowledge of the underlying causes of outcomes in different settings
allows for targeted strategies, rather than a one-size-fits-all approach.

Accountability and Transparency: Explainable Al allows for the transparency of model reasoning, facilitating
accountability and public trust in data-driven policy.

5.3 Limitations and Future Research
Some possible avenues for future research include:

More Data Sources: Incorporation of more data sources (World Inequality Database, Demographic and Health
Surveys, Multiple Indicator Cluster Surveys) will improve the scope and detail.

Causal ML Algorithms: Progressing from association to causation will allow for more robust policy inferences. The
two-inference paradigm illustrated in the environmental study offers a model .

Subnational Breakdowns: Subnational data are often needed for policy formulation. Future updates will incorporate
subnational data where possible and implement downscaling techniques for national estimates.

User Co-Design: Regular collaboration with policymakers in developing countries will ensure that the tool is relevant
to practical policy formulation.

Open Source Distribution: The tool will be made available as open-source software, allowing it to be modified and
extended by the broader development community.

5.4 Concluding Remarks

The Sustainable Development Goals are humanity’s collective promise to eradicate poverty and deliver quality
education for all. However, progress is not on track, and conventional analytics platforms have failed to address the
complexity of the problem. GlobalDev Insight shows that artificial intelligence, in the form of machine learning
prediction and explainable Al, can revolutionize the way we think about and tackle these problems.

By shifting the focus from descriptive statistics to predictive and prescriptive intelligence, by consolidating disparate
data points into a single framework of analysis, and by explaining how models reach their conclusions, Al-based
platforms can enable policymakers to make informed decisions about targeted interventions. The results of this study—
that structural variables tend to dominate direct indicators of deprivation, that drivers differ systematically by education
level, and that predictive models can forecast vulnerable populations before crises occur—demonstrate the potential of
this approach.

With the deadline looming in 2030, the need for effective and evidence-based action has never been more pressing.
Analytics platforms such as GlobalDev Insight, powered by Al, provide a way forward that not only involves the
collection and reporting of data, but also the transformation of that data into the intelligence required to create a more
just and sustainable world.
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