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ABSTRACT

Climate change has systemic and cumulative effects on air quality, water availability, food production, and
waste management, yet most current predictive studies examine each area separately and provide little
guidance on how to interpret them to inform policy decisions. This paper interprets climate change as a
systemic risk over time and proposes a feature that integrates the Cox proportional hazards model with
explainable artificial intelligence (XAI) to measure and explain cascading climate effects. NASA, NOAA,
and environmental monitoring agencies, as well as peer-reviewed studies, were combined to create
multisource longitudinal datasets covering the 1980-2024 timeframe and including atmospheric,
hydrological, agricultural, and waste-related variables. The Cox model can be used to estimate risks in
time-dependent settings where all sectors are mutually dependent, whereas Shapley Additive Explanations
(SHAP) can provide clear explanations of the effect of each variable. The experimental evidence shows that
the suggested framework attains a concordance index of more than 0.82, which is better than traditional
regression-based models for predicting changes in climate risk. Temperate variations and CO; release
become the predominant causes of agricultural and water-induced risks, with PM 2.5 concentration exerting
the greatest influence on the escalation of health risk. In contrast to earlier models based on the concepts of
staticity and black-boxing, the proposed method provides interpretable, testable, and policy-relevant
insights into the dynamics of climate risks. The findings underscore the evidence-based approaches to
climate adaptation and provide a scalable, explainable basis for integrated climate resilience planning,
especially in susceptible and rapidly urbanizing areas.

Keywords: Climate Change, Cox Proportional Hazards Model, Explainable Al, Data Science, Climate

Resilience, And Policy Support

1. INTRODUCTION

Climate change is a multi-dimensional,
multifaceted worldwide issue that places concurrent
stress on air quality, water supply, food production,
and waste management systems. These effects do
not take place in a vacuum; rather, their interactions
increase environmental degradation and social-
economic  vulnerabilities through reinforcing
feedbacks that further amplify them, especially in
rapidly urbanizing and developing areas. These
interdependent effects mean that it is important to
understand them to be able to design resilient
climate adaptation and mitigation strategies.

The available literature on climate research views
the effects of climate using uni-domain or uni-static
models, emphasizing air pollution, hydrological
stress, agricultural production, or waste generation.

Although these studies have enhanced domain-
specific knowledge, scientific studies typically
cannot capture how climate risks change over time
and extend across sectors. Moreover, the most
recent machine-learning climate models are also
black boxes, offering low interpretability and,
therefore, limiting their applicability in a policy and
governance setting where interpretability and
accountability are critical.

We view climate change in this work as a
systemic, time-dependent risk problem in which
environmental variables interact, and their impacts
on the various sectors increase dynamically. In this
respect, it is not enough to rely on static correlation
or purely predictive models. Rather, they need to (i)
resolve the evolution of risk over time, (ii) model
multivariate interdependence, and (iii)) give
interpretable results, which are useful in real-life
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decision-making. Such an interpretation directly

informs the methodological decisions adopted in

this research.

In this regard, the paper will suggest a unified
analytical framework integrating the Cox
proportional hazards model with explainable
artificial intelligence (XAI) to measure and explain
interdependent climate effects. The Cox model
facilitates risk estimation over time-to-event based
on a variety of climate-sensitive areas, whereas
XAl applied using Shapley Additive Explanations
(SHAP), provides clear attribution of the impact of
individual climate variables on changing risks. The
main argument of this paper is that time-dependent
survival  analysis, when combined  with
explainability, provides more informative, policy-
relevant insights into cascading climate risks than
traditional non-cascading and black-box models.
The claim in question is deliberately falsifiable and
can be disputed in the future as more data on
climate become available and methods of climate
modeling develop.

1. We present a new application of the Cox
proportional hazards model to examine
interdependent climate effects on air quality,
water quality, food production, and waste
production.

2. We combine interpretable Al methods with
survival analysis to enhance the interpretability
and credibility of climate risk forecasts.

3. We create and model a massive, multi-source,
longitudinal dataset of atmospheric,
hydrological, agricultural, and waste-related
data spanning the years 1980-2024.

4. we establish explicit interpretation standards
that rely on hazard ratios, the concordance
index, and SHAP values and show that they
contrast with the way interpretation has been
carried out in earlier climate literature.

5. At last, we provide practical recommendations
to policymakers, such as determining the
prevailing drivers of climate risk and their
temporal patterns, to support evidence-based
and fair climate resilience planning.

Upon reading this paper, readers are likely to find
(1) a conceptual framework of modeling the
interactions of interrelated climate hazards over
time, (ii) quantitative data of interpretable climate
impacts assessment, and (iii) advice on how these
models might be utilized to develop policy, urban
planning, and sustainability analysis.

2. MATERIAL AND METHODS

This research paper treats the interrelated climate
effects as a time-varying risk estimation problem.
Unlike traditional predictive frameworks, which are
mostly static, the proposed methodology will
capture the joint effects of climate variables on air
quality, household water use, food production, and
waste generation over time. The framework
combines the predictive rigor of artificial
intelligence (AI) with the interpretability of XAl to
ensure both.
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Fig 1. Architecture Of The Proposed Climate Impact
Prediction Framework Integrating Multisource Data.

The architecture of the end-to-end system presented
by Figure 1 combines the multisource multiciliate
data acquisition, preprocessing and normalization
of the data, optimal stabilization of features with
the help of the Iterative Shrinkage Thresholding
Algorithm (ISTA), risk modeling based on time,
with the use of the Cox proportional hazard model,
and explainable artificial intelligence with the help
of the Shapley Additive Explanations (SHAP), to
produce explainable indicators of climate risks and
policy-based results.

2.1 Data Sources

We painstakingly gathered data for this
study from a variety of credible sources to ensure
thorough coverage of climate-related factors. To
enhance its robustness, we supplement the dataset
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with data from peer-reviewed research studies, air
quality, water quality, and waste management
information from national and international
environmental monitoring agencies, and historical
and current climate data from reputable climate
databases like NASA's EOSDIS and NOAA.

Table 1: Statistics and Parameters of Climate-Related

environmental monitoring agencies for the years
20002024 includes PM2.5 concentration data
(mean: 35.2 pg/m?, SD: 15.3, range: 5.0-150.0
pg/m*) and Water Quality Index (mean: 75.4, SD:
10.8, range: 50.0-1000.0). Climate databases like
NASA EOSDIS and NOAA recorded temperature
anomalies (mean: 0.85°C, SD: 0.15, range: 0.50-
1.10°C) and CO, emissions (mean: 410.5 ppm, SD:
10.2, range: 375.0-425.0 ppm) from 1980 to 2024.
Peer-reviewed research papers provided data on
agricultural output (mean: 2500 kg/ha, SD: 500,
range: 1500-3500 kg/ha) and waste generation
(mean: 1.2 kg/person/day, SD: 0.3, range: 0.5-2.0
kg/person/day) for the years 1990-2024 and 2000—
2024, respectively. This comprehensive and
diversified dataset can lay out the analysis of the
interrelated implications of climate change on
different sectors.

2.2  Feature Stabilization and  Sparse
Representation
Datasets of climate data gathered from

heterogeneous sources can introduce redundancy,
multicollinearity, and noise, negatively impacting
model interpretability and stability. To handle this,
an iterative shrinkage-based feature stabilization
process is used before survival modeling. This
method encourages sparsity in the feature space
while preserving the major climate indicators that
can be used to estimate risks. The stabilization
problem is defined as an elliptical (1) -regularized
optimization problem, which is addressed with an
Iterative ~ Shrinkage Thresholding  Algorithm
(ISTA). This process is necessary so that only
variables that are statistically and physically
significant are used in downstream hazard
modeling and for the interpretability of XAl

Algorithm 1: Iterative Shrinkage Thresholding
Algorithm (ISTA)
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This study's dataset is exhaustive since it includes a
wide range of climate-related parameters gathered
from several credible sources. The information
gathered from national and international

Input:

Multimodal climate feature vector x;, observation
matrix P, regularization parameter A, convergence
threshold &

Output:

Stabilized sparse feature vector x *

Initialization:

Set iteration index i — {; initialize x @ =09
While true do

Update feature estimate:
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Break
End if
Seti =i+ 1
End while

2.3 Cox Proportional Hazards Modeling
After stabilizing the features, the selected variables
are incorporated into a Cox proportional hazards
model to estimate time-varying climate risks. The
hazard function will be defined as:
P (1
h(t|X) = ho(t) exp | Y B;X;
i1

where A(t|X) refers to the hazard rate of time. t,
ho(t) is the baseline hazard, fB; are regression
coefficients, and X, represent stabilized climatic
covariates.

Hazard Ratio (HR > 1): Higher risk associated with
climate.

Hazard Ratio (HR < 1): Mitigating or protective
effect.

Such an interpretation contrasts with previous
climatic research based on correlation coefficients
or, rather, fixed regression coefficients.

2.4 Explainable AI Integration

In the process of improving transparency, Shapley
Additive Explanations (SHAP) are used on the Cox
model results. The SHAP values are a numeric
measure of the marginal contribution of individual
climate variables to the approximated hazard; that
is, the climate risk drivers can be interpreted sector-
specifically. They can be used to explain policy-
level trust and adoption, whereas, unlike traditional
feature importance metrics, SHAP values provide
consistent, game-theoretic explanations.

2.5 Model Validation and Reproducibility

The concordance index (C-index) is used to assess
model performance and assesses agreement
between observed and predicted event ordering in
time-to-event analysis. To ensure robustness and
avoid overfitting, K-fold cross-validation is used.
Python was used to run all experiments (v3.8), and
random seeds were kept constant to ensure the
experiments could be reproducible.

3. EXPERIMENTAL

This section describes the research design,
implementation methods, assessment plan, and

validation plan used to determine the efficacy of the
proposed climate impact prediction framework.
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Fig 2. Workflow Of The Experimental Setup

Figure 2 shows the overall flow of the experiment,
which includes the preparation of multisource
datasets, stabilization of features with the help of
the Iterative Shrinkage Thresholding Algorithm
(ISTA), time-dependent risk modeling with the Cox
proportional hazards model, the base model
comparison, performance assessment with the help
of the concordance index and the hazard ratios, and
explainability analysis with the help of Shapley
Additive Explanations (SHAP).

3.1 Experimental Design and Workflow

The proposed framework was experimentally tested
to assess its capacity to simulate time-dependent,
interrelated climate risks across the air quality,
water quality, food production, and waste
management sectors. The full workflow of the
experiment is based on the architecture in the
Materials and Methods section and has the
following steps i.e., data preprocessing, feature
stabilization, survival modeling, explainability
analysis, and validation. Python (version 3.8) was
used to run all experiments in a controlled,
repeatable environment.

The experimental data combines the multisource
longitudinal climate data over several decades.
These experimental cases include: a time index that
is a time-dependent dynamic; an event indicator
indicating the presence of adverse climate impacts;
and stabilized climate covariates (PM2.5
concentration, CO, emissions, temperature
deviation, water quality index, crop yield, and
waste production). Mean imputation was used to
handle missing values before training the model,
and numerical variables were scaled to the min-max
range to ensure uniformity. To refine the algorithm,
feature stabilization was performed using the
Iterative  Shrinkage  Thresholding  Algorithm
(Algorithm 1) to remove redundancy and improve
model robustness.
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3.2 Model Training

The Cox proportional hazards model was trained on
these stabilized features, and the goal was to
estimate hazard functions that capture future
changes in climate risk. Partial likelihood
maximization was used to learn model parameters.
Five-fold cross-validation was used to guarantee
generalization. Training and testing were split
80:20 in each fold, and temporal consistency across
folds was preserved.

3.3 Baseline Models

To demonstrate the efficiency of the suggested
method, the experimental outcomes were evaluated
against traditional baseline models often employed
in climate research, namely: linear regression-based
climate risk estimation and Static multivariate
regression models without time dependency. Such
baseline methods lack time-to-event modeling and
interpretability, and it is not possible to make a
clear comparison with the suggested framework.

3.4 Evaluation Metrics

The appropriateness and interpretability-based
measures of performance in a survival analysis
were used to examine model performance:
Concordance Index (C-index), which measures the
precision of risk ranking over time. Hazard Ratios
(HR): The intensity and orientation of the
relationship between the risk and climatic variables.
SHAP Value Analysis: Measures the contribution
of each feature to the model's predictions. All these
measures can be used to evaluate predictive
reliability, interpretability, and policy relevance.

3.5 Explainability Analysis

Shapley Additive Explanations (SHAP) was used to
explain the Cox model's results and incorporate
explainable Al. To examine the global and local
contributions to climate risk estimation, SHAP
values were calculated for each stabilized feature.
This analysis makes it clear that the major climate
drivers are identified and allows making
interpretable decisions, which is why the proposed
framework is superior to black-box predictive
models.

3.6 Reproducibility and Robustness

To achieve reproducibility, the same random seeds
were used in all experiments. The same
preprocessing, feature stabilization, and validation
were kept across folds. The stability and strength of
the proposed framework were attested by consistent
performance in the cross-validation folds. The
experimental analysis shows that the proposed

framework better represents interlocked, time-
varying climate risks than static baseline models for
estimating and explaining risks over time. The
combination of feature stabilization, survival
analysis, and explainable AI provides a reliable,
transparent basis for discussing the results in the
following section.

4. RESULTS

This section presents the quantitative and
qualitative results of the proposed framework for
climate impact prediction. The findings are
arranged so that they first assess predictive
performance, then interpret model outputs, and
compare them with baseline approaches.

4.1 Model Performance

The suggested Cox proportional hazards-based
model proves a good performance in modeling
time-dependent and interrelated climate risks. The
model obtained a concordance index (C-index) of
0.82 on average on a cross-validation of five-fold
cross-validation, which is a sign of strong temporal
risk ranking. On the contrary, time-to-event
modeling outperforms a classic regression-based
baseline model, with significantly lower C-index
values, as expected. The fact that the evaluation
with validation folds has been consistent also
corroborates the strength and generalizability of the
suggested framework.

4.2 Hazard Ratio Analysis

Hazard ratios (HRs) were calculated to measure

how much the climate variables contribute over

time to the increase in the risks.

a. Temperature anomaly showed a strong positive
correlation with climate risk (HR > 1), which
means that the higher the temperature deviation,
the greater the agro-productivity and water
quality degradation hazard.

b. CO2 emissions were also closely linked to high
hazards, especially in long-term crop production
and water conditions scenarios.

c. PM2.5 concentration exhibited the greatest
hazard ratios on both health-related and air
quality outcomes, and therefore its prevailing
important role in climate-related public health
risk is evident.

d. Water quality index showed an inverse effect
(HR less than 1), and there was a possible
suggestion that good water quality would reduce
the hazard caused by climate.

e. The production of waste had an indirect impact
on the development of the risk due to its contact
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with the air and water quality variables. These
findings confirm the model's ability to capture
the dynamics of sector- and cross-sectoral
climate risks.

4.3 Explainability Analysis Using SHAP

All stabilized features were calculated as SHAP
values to interpret the model predictions. The
explainability analysis shows that there are clear
dominance patterns among drivers of climate:
temperature and CO, emerged as the most
significant variables affecting food production and
water risks. The concentration of PM2.5 was a key
factor in air quality and health-related hazard
predictions. The index of water quality was always
a negative factor, as indicated by the negative
SHAP contributions. The amount of waste
produced was not negligible, but it remained
moderate, which supports the link between climate
change and its impact. The SHAP-based
explanations provide clear insights into the
influence of each climate variable on the estimation
of risks over time, a characteristic of the proposed
framework compared to black-box predictive
models.

Table 2 Compares The Performance Of The Proposed
Framework With Conventional Baseline Models.

Model Temporal

Modeling Interpretability

index

Linear
Regression

Static
Multivariate No
Regression
Proposed
Cox + XAI
Framework

Low 0.63

Low 0.66

Yes High 0.82

The proposed method is much more effective than
the baseline models at estimating risk over time and
provides explicit interpretability through SHAP
values, which is not available in traditional
methods.

exp(coef) exp(coef) lower 95% exp(coef) upper 95% \
C02_Emissions 3.555000e-01 0.1581 7.992000e-01
Temperature_Anomaly 3.582000e-01 0.1764 7.273000e-01
PM25_Concentration 9.800000e-03 0.0000 6.263640e+01
Water_Quality_Index 1.549554e+12 ©.0000 9.4026840+87
Crop_Yield 1.357100e+00 0.2430 7.579200e+00
Waste_Generation 4.688000e-01 0.1329 1.653400e+00

P
C02_Emissions 0.0123
Temperature_Anomaly ©.0045
PM25_Concentration ©.3e¢08
water_Quality Index ©.7526
Crop_Yield 09.7279
Waste_Generation ©.2388

The approximate regression coefficients (coef),
exponentiated regression coefficients ( exp(coef) ),
standard errors, z-statistic, p-values, and 95%
confidence interval of each climate variable. A ratio
greater than one indicates an amplification of the

risk of climate change over time, whereas a ratio
less than one indicates a counteracting or protective
effect. The level of statistical significance is
evaluated at traditional confidence levels.

Climate Variables (1980-2024)
ol (ppm) Temp ()

P2 (ugim)

2024)

Figure 3 shows how the key variables related to
climate change, such as CO; emissions, temperature
deviation, PM2.5 concentration, water quality
index, crop yield, and waste produced during 1980-
2024 have been changing with time. The identified
trends indicate both long-term growth in
atmospheric emissions and temperature variations,
as well as industry-specific fluctuations in air
quality, water, agricultural output, and production
waste, which may be used to provide empirical
incentives to use risk modeling over time..
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Fig 4. Correlation Matrix Of Climate Variables And
Event Occurrence.

Figure 4 shows the correlation coefficient of the
climate variables, such as CO; emissions, the rise in
temperature, PM 2.5 concentration, water quality
index, crop yield, waste output, and the event
indicator in a pair-wise fashion. The positive and
negative correlations indicate interrelationships
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between climate drivers and outcomes and

encourage the use of multivariate and time-
rather

dependent modeling methods than

independent-variable analysis.

Climate Variable Distri

o

ns by Event Status

T

Fig 5. Distribution Of Climate Variables By Event
Occurrence.

Figure 5 is a comparison of the distribution of the
main climate wvariables, such as CO, emission,
temperature change, PM 2.5 concentration, water
quality index, crop production, and waste
production under the conditions of event and non-
event. The distributions of the variables differ
between the two groups, indicating that the risks are
dissimilar, and the idea of survival-based modeling
can be used to identify events related to climate

impacts.
SHAP: Feature Impact
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Fig 6. SHAP-Based Feature Impact On Climate Risk
Prediction.

Figure 6 shows the Shapley Additive Explanations
(SHAP) summary plot of the relative importance of
all climate variables in the Cox proportional
hazards model. The ranking of features is based on
their importance, and the color gradients represent
large and small feature values. The SHAP value
distribution shows that temperature anomalies and
CO; emissions are the most influential risk factors,
whereas PM 2.5 concentration and the water quality
index modulate hazards across sectors.

Kaplan-Meier Survival Curves by Risk Group
(Based on Cox Model Predictions)

Low Risk
Medium Risk
—— High Risk

Survival Probability

Yime,({’veavs since 1980)
Fig 7. Kaplan—Meier Survival Curves For Climate Risk
Groups.

Figure 7 below shows Kaplan-Meier survival
curves for climate risk groups (low, medium, and
high) estimated from the Cox proportional hazards
model. The dislocation of curves indicates a
different pattern of time-to-event distribution,
demonstrating the model's ability to effectively
discriminate climate risk levels and confirming the
risk discrimination provided by the time-dependent
risk stratification obtained by the proposed
framework.

Time-Varying Hazard Rates by Feature Quartiles
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vent Probabitty
|
8
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Fig 8. Time-Varying Hazard Rates Stratified By Climate
Feature Quartiles.

Figure 8 shows the time-varying hazard rates for
the most important climate variables, estimated
using the Cox proportional hazards model and
stratified by feature quartiles (low, medium, and
high). The scattered nature of the hazard curves
illustrates the effects of increasing CO;
concentration, changes in temperature, PM 2.5
concentration, and water quality index on the rise in
risk over time due to the climate factor. These
findings underscore the dynamic and progressive
nature of climatic effects, which justify the use of
time-dependent survival modeling.

Discussion

The outcomes of this paper illustrate that viewing
climate change as a time-dependent, interconnected
risk process can offer a much deeper understanding
than traditional approaches that model it as a static
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risk. The analysis of hazard ratios shows that
temperature deviations and CO, emissions are long-
term risk drivers for agricultural outputs and water
resources, whereas PM2.5 concentration has a
preeminent effect on air- and health-related risks,
supporting the compounding character of climate
effects. The proposed Cox proportional hazards
framework, unlike previous literature, directly
quantifies changes in risk over time, and the
combination of SHAP allows risk contributions to
be transparently attributed to individual climate
variables. Such a two-fold focus on time modeling
and explicability is a difference between the
proposed approach to the current literature and
results in better outcomes in temporal risk ranking.
In addition to the methodological improvement, the
results are also of practical significance, as the
interpretable risk indicators can be used for
evidence-based climate policy and for the specific
planning of interventions. However, the study is
limited by the spatial resolution of the available
datasets and the lack of explicit socio-economic
variables, which can affect localized climate
vulnerability. The further development of the work
will aim to include finer-grained spatial data and
socio-economic indicators to increase predictive
accuracy and policy applicability.

5. CONCLUSION

This research addressed the issue of modeling and
forecasting the interactive effects of climate change
on air quality, water availability, food production,
and waste management, an area where existing
models are mainly based on non-interpretative,
stable models. By interpreting climate change as a
time-varying systemic risk, we have theorized that
survival analysis with explainable artificial
intelligence can yield more informative, policy-
relevant insights than traditional approaches. This
hypothesis is strongly supported by the
experiment's results. It was found that the proposed
framework had a high concordance index,
indicating its greater ability to capture the evolution
of risk over time compared to a fixed regression
model. The analysis of hazard ratios showed that
changes in temperature and CO; emissions are the
most powerful drivers of the long-term risk to
agricultural productivity and water quality, whereas
PM2.5 concentration has the most significant effect
on air and health risks. The addition of SHAP also
demonstrated the dynamism and interaction of
these variables in increasing the risk of climate,
which were not transparent in previous black-box
models. In addition to predictive performance, the

results provide a clear case for treating
interpretability as a requirement, not an option, in
climate impact models. The ability to identify risk
contributions to climatic drivers can support
evidence-based decision-making and reinforce the
practical usefulness of the analytical models for
policymakers and urban planners. This is what
makes the proposed approach stand out from the
previous literature, which emphasizes accuracy but
not action. Although the study offers a strong
structure  for interconnecting climate risk
evaluations, some limitations remain.
Commentators are limited by time and space
resolution of the existing data, and the socio-
economic variables were not directly modeled.
Future studies will aim to add more spatial data at a
finer grain, including socio-economic indicators,
and to expand the model to a region-specific
approach to adaptation planning. Finally, the
current work contributes to the development of
climate impact modeling by showing that time-
dependent  survival analysis that involves
explainable Al provides a scalable, transparent, and
scientifically reasonable basis for climate resilience
planning. The proposed framework not only
enhances predictive knowledge of cascading
climate risks but also provides a practical decision-
making aid for creating fair and sustainable climate
policy.
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