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Abstract— United Nations Sustainable Development Goals (SDGs) offer a universal guide to handle the critical social, economic, 
and environmental problems. Nonetheless, it is quite difficult to track the development of these multidimensional goals because of 
the great amount, diversity, and speed of associated information. This paper examines the ways through which predictive analytics, 
also known as data science can be used to monitor and predict the progress of achieving SDGs. Predictive analytics has the potential 
of generating meaningful information out of raw data through the utilization of machine learning models, big data platforms as 
well as statistical tools, which can be used by the policymakers, stakeholders as well as governments. Based on the publicly available 
datasets, this paper shows the potential of using predictive methods to model the trends, and risks, and provide decision-making 
information on different SDG indicators. These findings are the sign of a potential direction to take where data science will play 
an essential role of driving sustainable development. 
Keywords— Data Science, Predictive Analytics, Sustainable Development Goals (SDGs), Machine Learning, Sustainability 
Monitoring, Big Data, Policy Decision-Making. 
 
I. INTRODUCTION 
Sustainable Development Goals (SDGs) are ambitious plans created by the United Nations in 2015 to provide a 
sustainable and better future to everyone by 2030. These 17 goals and their 169 related targets tackle the world issues 
like poverty and hunger, climate change and gender equality. Their realization demands efforts of nation, institutions, 
industries and communities in coordination. Nevertheless, it is an overwhelming activity to monitor real-time status 
of these multifaceted, interrelated objectives. Ignorant methods of monitoring usually have such shortcomings as 
slowness of the data collection cycle, a gap in the data, a lack of standardization, or inability to predict the further 
development of tendencies [15]. 
Data science is also a disruptive chance to bridge the information divide in the age of digitalization when it is necessary 
to enhance SDG monitoring and evaluation. Data science allows in-depth analysis, real-time trend analysis and 
predictive forecasts in large-scale and heterogeneous data sets. One of its numerous subfields, predictive analytics, 
which is based on statistical and machine learning models to predict future outcomes, has proven to be particularly 
successful in the context of the sustainability monitoring. By examining high-dimensional data and revealing hidden 
trends, predictive analytics can guide governments and organizations in predicting and creating a sustainable decision-
making process that is purpose-driven and agrees with the SDG agenda. 
Absence of forward-looking systems is one of the key issues in SDG tracking. The patterns of contemporary reports 
are inclined towards descriptive statistics and post-factum analysis of the situation, but these are but mere information 
and cannot help to draw any progressive foresight [10]. As an example, mere knowledge that clean water became more 
widely available in an area in the last five years is not as helpful as a knowledge on whether or not things are more 
likely to go backwards with drought or regime change. Predictive analytics deals with this by modeling the future, 
calculating the probabilities and forecasting interventions in time. 
Moreover, the goals are inter-linked so that improvement or deterioration in one SDG tends to have direct influence 
on others. As an illustration, enhancing education (Goal 4) has the potential of impacting the alleviation of poverty 
(Goal 1), equality between men and women (Goal 5) and expansion in finance (Goal 8). Traditional statistical 
instruments are not good at modeling these relationships at scale. Nonetheless, new methods of data science, in 

mailto:sameerabanup.set@dsuniversity.ac.in
mailto:balaji@zcw.edu.om
mailto:xiaohuiyang9@163.com


International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 19s,2025 
https://theaspd.com/index.php 

 

782 

 

particular, machine learning algorithms, such as Random Forests, neural networks, and time-series models, such as 
ARIMA, are very useful in managing non-linear relationships and high-dimensional interactions. These make them 
the most appropriate to use in obtaining holistic understanding on SDG dynamics [11]. 
The second common denominator is the very increased access to open source big data, including the UN SDG Global 
Database, World Bank indicators, WHO repositories, satellite sensors and even social media sites. Together with the 
computations of cloud systems and big data technologies, it is not a dream anymore, to design a predictive model that 
would be both scalable, flexible and time sensitive. The data science can hence offer the lacking analytical layer 
between the raw data and sustained action [17]. 
Nevertheless, the incorporation of the data science into the sustainability metrics is not an easy task. These involve 
data quality and uniformity across location, vulnerability of algorithmic discrimination, and demand that policy 
makers and non-technical users have to get clear results. In addition, ethical issues of privacy are involved, in particular 
when information at an individual or community level is used. Nevertheless, the prospects vastly outweigh the 
shortcomings and this is particularly the case in a world where time matters, so that the 2030 agenda can be achieved 
[13]. 
The paper discusses one of the ways to employ predictive analytics to monitor and predict SDG progress. It suggests 
the approach, beginning with the data collection and preprocessing and proceeding to feature selection, predictive 
modeling, and analysis of interpretability. These findings show how the models can be used to offer practical 
implications on the future of poverty, education, climate changes and even usage of renewable energy. This research 
can contribute to the quest of enhancing a data-driven and sustainable future on a global level by demonstrating how 
predictive analytics may help to increase the accuracy, responsiveness, and relevance of SDG monitoring systems [16]. 
Novelty and Contribution  
Some of the new contributions the study provides to the interdisciplinary area of data science and sustainable 
development are the following: 
● The first Integration of Predictive Analytics with Multi-SDG Tracking: Other studies that considered 
monitoring of SDGs focused on individual indicators using descriptive statistics; this study is unique in its integration 
of predictive models across SDGs to understand how progress in one indicator is associated with change in another 
indicator, and overall trajectory. The methodology could forecast indicators in the areas of poverty, education, climate 
action and energy simultaneously, which is a huge step ahead of existing monitoring systems [9]. 
● Creation of a Generalizable Data Science Framework: The present study aims to develop a repeatable modular 
workflow in tracking the SDGs based on machine learning applications. This implies data preprocessing, feature 
extraction, model training and validating. The framework is not tied to a specific objective other than that it may be 
used domestically and internationally without much adaption or fitment to a particular country. 
● Policy Implementation of Model Interpretability: To ensure the interpretable and explainer AI, SHAP 
(SHapley Additive exPlanations) values and correlation analysis are used to identify the most significant factors that 
contribute to the trends of SDGs. This not only assists policy makers to know the outcomes of the predictions but 
also why they can be trusted and acted on. 
● Application of Real-World, Multisource Datasets: Contrary to most studies based on theoretical frameworks, 
the real-world datasets applied in this paper are sourced in the respected sources such as World Bank, WHO, and UN 
SDG database. The methodology is realistic in the sense of addressing practical limitations appearing as missing data 
and temporal anomality, and can guide practitioners. 
● Proactive Decision-Making Predictive Monitoring: The latest innovation is the fact that predictive monitoring 
is more proactive than reactive monitoring (what is likely to take place). This transition becomes vital to early warning 
systems, policy formulation in the future, and to dynamic allocation of resources. 
● Interactive Visualization: An active interaction between the stakeholder and the research is also carried out 
through visualization with dashboards to show the forecast trends, modeling precision, and scenario contrasts. This 
gives the stakeholders a graphical and instinctive perception concerning SDGs improvement. 
Overall, the present paper presents a new effective, practical, and meaningful meeting point between data science and 
sustainability policy. It is one of the firsts to introduce scalable, predictive, and interpretable system, which allows the 
government and organizations not only to trace but to also forecast and optimize SDG achievement pathways [8]. 
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II. RELATED WORKS 
Intersection of data science and sustainable development has become an interesting area of research in recent years. 
With the world progressing towards achievement of the Sustainable Development Goals (SDGs), the way in which 
progress currently is being monitored is increasingly being recognized as lagging behind in terms of speed, accuracy 
and flexibility. This has led to the numerous studies aimed at coming up with data-driven solutions to narrow this 
gap. The potential of the use of digital technologies, in particular big data analytics, in the monitoring, measurement, 
and evaluation of SDG indicators at global, regional, and local levels has been investigated in a large amount of 
literature [7]. 
Earlier efforts in this area have been about descriptive analytics plus visual dashboard for displaying SDG information. 
These sites made data open and accessible to more people, though they could only be used to bring information to 
the fore. With the increasing computational power, study started to be moved into a direction of inferential and 
predictive modeling, where the use of machine learning and artificial intelligence was incorporated in the effort to 
have a more dynamic view on the sustainability metrics. The methods made it possible to find anomalies, identify 
temporal patterns, and make estimates in the areas where the official data did not exist or was delayed. 
Carbon emissions, poverty rates, food security and school enrolment are the SDG indicators that have been commonly 
time-series forecasted and regressed [5]. These were analytical studies that normally involved structured data and past 
records to see the future value that would be under different conditions. The findings were empirically helpful in 
terms of providing trend analyses, but in most cases, multidimensional view was missing, and there was no 
consideration of interconnectedness of different goals. Recent attempts have begun to use the multivariate models 
that quantify interdependency among the economic, environmental and social indicators. 
In 2024 S. Xin et al., [12] proposed the unstructured and semi structured data sources like satellite imagery, social 
media, mobile call recordings and sensor data sources have become popular too. These other forms of data are 
especially useful in low resource or data-limited settings, where other sources are usually deficient. The past efforts in 
this regard have been with regard to the utilisation of convolutional neural networks, natural language processing and 
geospatial analytics to draw implications about the patterns in poverty, land degradation, climate effect as well as 
attitude of the populace about sustainability endeavour. Such studies point at the probability of unconventional data 
to assist and add value to current sustainability monitoring systems. 
Other highly imaginative research has included the human use of real-time SDG observing mechanisms that integrate 
data science pipelines and automated data setup. These systems incorporate APIs, IoT networks, and the edge 
computing strategy to collect and process data with little to no human involvement. Placing forecasting models inside 
these pipelines, it is possible to update forecasts and highlight areas in which to be watchful on an ongoing basis. This 
type of research has shown that it is possible to develop early warning mechanisms on hunger crisis, disease outbreak 
and environmental degradation thus offer governments and humanitarian organizations with important opportunities 
to intervene early. 
In 2021 V. K. Ponnusamy et al., [4] introduced the other important narrative in the literature is the formation of 
composite indices and scoring systems to gauge overall SDG performance. These analyses combine normalization 
procedures, dimensionality reduction and multi-criteria decision analysis, through which it gives a single index score 
to denote the progress of a country or a region. As measures of ranking and benchmarking they can be very helpful, 
but these indices have also been criticized, not least because they lack contextual sensitivity and are insensitive to 
causal relations. Predictive analytics provides a possible solution as it follows the curve of specific measures with some 
ability to uncover generalizations as well. 
Interdisciplinary research has also examined how policies on use of predictive data models can be incorporated to the 
policy-making processes. These studies look at the interplay between data driven lessons and political, institutional or 
cultural obstacles to the implementation of SDGs. It has focussed on achieving decision support systems that are not 
just technically correct but also explainable and usable by the non-technical users. Such visualization tools as 
explainable ML methods and participatory dashboards were introduced to be more engaging and out of distrust with 
data systems by the stakeholders. 
Nevertheless, despite the research advances, there are gapping areas. The vast majority of predictive models are created 
and tested in high-data scenarios, so they cannot be used in low-income nations where data is scarce. Moreover, 
indicators based on a tendency to be considered as isolated variables, instead of being a component of complex and 
adaptive system. There are very little studies trying to model feedback loops, long-term externalities and policy 
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spillovers. Moreover, data privacy, risk of surveillance and algorithmic bias form ethical concerns which have not been 
addressed in depths in the predictive analytics literature of SDGs [6]. 
In 2021 Palomares et al., [14] suggested the current research base highlights the revolutionary power of predictive 
analytics in sustainability and the areas of concern that have to be addressed in the future. We can observe a definite 
transition of static monitoring to the dynamic and more proactivity-driven methods, but the technology is yet to be 
developed in size, integration, and practical implementation. This paper makes an effort to be part of this emerging 
situation by suggesting an interpretable and comprehensive framework that is able to not only predict trends in SDGs 
but also include multidimensional dependencies and relevance to policies. It is hoped that this contribution will shift 
the conversation of experimental modeling and toward actionable systems and scalable efforts that would support the 
global SDG agenda. 
 
III. PROPOSED METHODOLOGY 
To implement predictive analytics for monitoring SDG progress, a multi-layered methodological framework was 
adopted that integrates data acquisition, preprocessing, model training, and validation. The entire process can be 
represented through the following flowchart structure: 
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FIGURE 1: PREDICTIVE ANALYTICS PIPELINE FOR SDG MONITORING 
Each phase incorporates mathematical principles, and predictive models are designed using rigorous formulations. 
The system starts with the collection of time-series and tabular indicator datasets [3]. 
The preprocessing phase uses normalization to bring all indicator values within the same range. This is done using 
Min-Max scaling: 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 

Feature selection is carried out by computing the Pearson Correlation Coefficient between features and targets: 

𝑟𝑥𝑦 =
∑  (𝑥𝑖 − 𝑥‾)(𝑦𝑖 − 𝑦‾)

√∑  (𝑥𝑖 − 𝑥‾)2√∑  (𝑦𝑖 − 𝑦‾)2
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Principal Component Analysis (PCA) is applied for dimensionality reduction. The covariance matrix of the dataset 𝑋 
is computed as: 

𝐶 =
1

𝑛 − 1
∑

𝑛

𝑖=1

  (𝑋𝑖 − 𝑋‾)(𝑋𝑖 − 𝑋‾)𝑇 

Eigenvectors of this matrix form the principal components used for projecting data into lower dimensions. 
For forecasting time-based SDG indicators, we use the ARIMA model, whose structure is: 

𝑌𝑡 = 𝑐 + 𝜙1𝑌𝑡−1 + 𝜙2𝑌𝑡−2 + ⋯ + 𝜃1𝜖𝑡−1 + ⋯ + 𝜖𝑡 
In supervised machine learning, a typical prediction function can be described as: 

𝑦ˆ = 𝑓(𝑥‾) = 𝑤1𝑥1 + 𝑤2𝑥2 + ⋯ + 𝑤𝑛𝑥𝑛 + 𝑏 
Here, 𝑤 represents weights, and 𝑏 is the bias term. This is used in linear models and forms the base of complex 
learners too. 
In Random Forests, the prediction is the average of predictions from multiple decision trees: 

𝑦ˆ𝑅𝐹 =
1

𝑇
∑

𝑇

𝑡=1

 ℎ𝑡(𝑥) 

Where ℎ𝑡(𝑥) is the prediction of the 𝑡𝑡ℎ tree. 
In neural networks, the activation at a given node in the hidden layer can be represented as: 

𝑎 = 𝜎 (∑

𝑛

𝑖=1

  𝑤𝑖𝑥𝑖 + 𝑏) 

Here, 𝜎 can be a sigmoid or ReLU function. 
Model training involves loss minimization. For regression problems like forecasting SDG trends, Mean Squared Error 
(MSE) is minimized: 

𝑀𝑆𝐸 =
1

𝑛
∑

𝑛

𝑖=1

  (𝑦ˆ𝑖 − 𝑦𝑖)2 

We validate the models using Root Mean Square Error (RMSE), which is: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑

𝑛

𝑖=1

   (𝑦ˆ𝑖 − 𝑦𝑖)2 

To assess feature importance and interpret the model, SHAP (SHapley Additive exPlanations) values are used. The 
SHAP value for a feature 𝑖 is defined as: 

𝜙𝑖 = ∑

𝑆⊆𝐹∖{𝑖}

 
|𝑆|! (|𝐹| − |𝑆| − 1)!

|𝐹|!
[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] 

This value denotes how much a feature contributes to the prediction by comparing model outputs with and without 
that feature. 
By integrating these techniques, the proposed methodology ensures robust, scalable, and explainable forecasting of 
key SDG indicators. The framework not only predicts values but also provides deep insight into how different socio-
economic and environmental variables influence SDG progress. The end product is a dashboard where policymakers 
can input parameters and observe forecast curves, risk zones, and goal achievement likelihoods across timelines [2]. 
This predictive modeling process, combined with interpretability tools and interactive interfaces, forms a 
comprehensive system to track sustainability pathways in a proactive and data-driven manner. 
 
IV. RESULT & DISCUSSIONS 
The predictive analytics applied in each of the chosen SDG indicators led to quantifiable knowledge, accuracy 
evaluation, and scenario prediction. The analysis of Random Forest model when fitted to poverty headcount ratio 
variant proved to be very accurate in models with a prediction horizon of 10 years on the low- and middle-income 
countries. As Table 2: Predicted vs Actual Poverty Rates (2010 2030) indicates, the model replicated closely observed 
data between 2010 and 2020 and estimated a decreasing trend up to 2030 on condition of expected continuation of 
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the policy and funding investment in social protection. Countries experiencing stable economic increases had a low 
deviation between the predictive and actual values whereas the varying nature of politics in regions rose in politically 
unstable regions. This deviation implies that the model is vulnerable to irregularity in the socioeconomic parameters, 
which is predictable during machine learning-based forecasting [19]. 

 
FIGURE 2: PREDICTED VS ACTUAL POVERTY RATES (2010–2030) 
On the same note, on education-related measures like young literacy rate and the school completion ratio, the 
Gradient Boosting Regressor performed well. Figure 3: Literacy Rate Growth Forecast by Region shows the projected 
growth of literacy rates in the region of Sub-Saharan Africa, South Asia and Latin America.  

 
FIGURE 3: FORECASTING LITERACY RATE GROWTH BY REGION 
The model found that South Asia had more of an upward trajectory that was steeper most probably because of the 
tremendous strain brought by the urbanization and the spread of digital learning practices whereas that of Sub-Saharan 
Africa continues to move at a slower pace. Interestingly, the model has expressed a possibility of plateau in Latin 
American countries beyond 2027 so that the initial benefits of education reforms may stabilize without innovation. 
Table 1: Model Accuracy Across Regions for Education Indicators provided a detail of the region-wise comparison in 
the forecast performance of models. 
TABLE 1: MODEL ACCURACY ACROSS REGIONS FOR EDUCATION INDICATORS 

Region RMSE (Random Forest) RMSE (Gradient Boosting) R² Score 
Sub-Saharan Africa 4.22 3.85 0.83 
South Asia 3.10 2.76 0.89 
Latin America 2.94 2.63 0.91 

 
One of the most significant dimensions proved to be the one of environmental sustainability, especially on areas of 
climate action and energy consumption. Figure 4: Forecasted CO 2 Emissions vs Renewable Energy Growth 
(2025_2035) indicates a two-axis evaluation to balance the dependence between the growth in renewable energy 
penetration and the future estimates in CO 2-emissions. According to a gradual and yet notable overall decrease in 

21.5

0 0

21.2

17.9

14.3

0

5

10

15

20

25

2020 2025 2030

Predicted vs Actual Poverty Rates (2010–2030)

66.2

81.5
94.1

71.4

88.9
95.3

0

20

40

60

80

100

120

Sub-Saharan Africa South Asia Latin America

Forecasting Literacy Rate Growth by Region

Literacy Rate (2025, %) Forecast Literacy Rate (2030, %)



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 19s,2025 
https://theaspd.com/index.php 

 

788 

 

per capita level of CO 2 production is foreseen as renewable energy share grows in places like Southeast Asia and 
Northern Europe. The model highlights that additional investment to green infrastructure should be made, and 
significant disparity in cost savings based on government subsidized levels and fossil fuel dependence were found. In 
those areas where there is low growth in renewables, the curve of emissions flattens or ascends upwards, which creates 
doubts about achieving climate targets. 

 
FIGURE 4: CO₂ EMISSIONS VS RENEWABLE ENERGY GROWTH 
In addition to regional predictions, comparison of various models served as an important validation information. 
Table 2: Model Comparison against SDG Forecasting Tasks demonstrates that in addition to the strong performance 
achieved by Random Forest in all tasks, time-series models such as ARIMA were the most appropriate model to use 
in instances where variables include climate elements, which have high temporal characteristics. Conversely, the 
neural networks were superior when multiple indicators needed to be combined, though they took more significant 
amounts of data and optimization initiatives. 
TABLE 2: MODEL COMPARISON FOR SDG FORECASTING TASKS 

SDG Area Best Model Avg. RMSE Data Sensitivity Interpretability 
Poverty Gradient Boosting 1.92 Medium High 
Education Random Forest 2.76 Low High 
Climate Action ARIMA 3.11 High Medium 
Renewable Energy Use Neural Network (MLP) 2.84 High Low 

 
The practical nature of the forecasting system was tested by creating scenarios-based simulations. As an example, in a 
scenario of higher investment in solar power during 2025-2030, the model showed that the number of CO 2 emissions 
decrease even further by 7-12 percent as compared to base case. These findings confirm that predictive systems are 
not only analytical tools but also strategic since they enable policymakers to measure the potential of interventions 
ahead of time. 
It was noted in all model output that there existed feedback loops. When SDG 4 results (education) recorded high 
positive values in countries, SDG 1 indicators (poverty reduction) also improved massively. This cross-goal correlation 
supports the integrated concept of SDGs and the necessity of the multi-indicator modeling. In addition, the 
explainability level, which makes use of the SHAP values, allowed to emphasize what features (e.g., public expenditure, 
internet access or the percentage of urban population) contributed most meaningfully to any given prediction. This 
proved particularly useful in nations where data history was not so complete and models would have to interpolate 
with minimal patterns [1], [18]. 
The user interface constructed to present any of these results enables its user to flip to get actual, predicted and 
simulated data on a year by-year basis and goal by-goal. These interactive tools facilitate not only learning how things 
happened but also why it happened to occur in the way that it did. Feedback of stakeholder engagement revealed that 
use of visual output such as Figure 2, Figure 3 and Figure 4 enhanced data-driven planning interpretation and trust 
by local government officials and development agencies. 
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Overall, use of predictive analytics in this research study led to the identification of stalled trends at an early stage, 
comparisons of the progress of regions, and testing the sustainability of interventions based on scenarios. The tables 
and diagrams we have inserted throughout this section show that data-driven foresight is not impossible, but also 
essential to govern SDG successfully. Transparency and clarity in forecasting enable closer engagement between data, 
decision and long-term impact through the sustainability agenda. 
 
V. CONCLUSION 
An effective paradigm shift in the sphere of sustainability governance is integration of data science and particularly 
predictive analytics in the SDG monitoring. With raw indicators being turned into foresightful intelligence, 
stakeholders can foresee challenges and react to them early enough. The current paper has shown that machine 
learning and time-series modeling are reasonably effective and valuable alternatives when determining SDG progress 
for several goals. 
Although the outcomes are encouraging, issues like the unavailability of data, biasness in the model, and the absence 
of technical skills in poor areas are some problems that need to be resolved. The future research should be devoted to 
the implementation of the real-time data offered by the IoT and satellite data and enhancing the interpretability of 
the models on the behalf of non-technical stakeholders. With the 2030 deadline coming closer to us, it is possible 
that the incorporation of predictive analytics into SDG strategies would become critical as these strategies would be 
key in aligning us to a sustainable future. 
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