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Abstract 

Introduction: Climate change represents a significant, yet under-explored, determinant of 

non-communicable disease (NCD) burden, particularly in vulnerable low- and middle-income 

settings. This study addresses the critical gap in longitudinal, region-specific research on the 

climate-NCD nexus, focusing on Rajasthan, India, a state characterized by a high NCD burden 

and extreme climatic conditions. We aimed to assess the impact of climate variability and air 

quality on NCD outcomes, specifically ischemic heart disease (IHD), asthma, chronic 

obstructive pulmonary disease (COPD), and stroke, over a three-decade period. 

Methods: A retrospective quantitative research design was employed, utilizing age-

standardized mortality and prevalence data for selected NCDs from the Global Burden of 

Disease (GBD) Study (1990-2021), alongside historical climate data (mean temperature, 

relative humidity, precipitation) from NASA POWER, and air quality data (PM10, SO2, NO2) 

from India’s Open Government Data platform. Analytical methods included temporal trend 

analysis, Pearson correlation testing, Generalized Additive Models (GAMs) to identify 

nonlinear associations, Distributed Lag Non-Linear Models (DLNMs) for lagged effects, and 

Auto-Regressive Integrated Moving Average (ARIMA) models for future burden forecasting. 

Results: Rajasthan experienced substantial increases in NCD mortality and prevalence, 

notably COPD (doubling) and IHD (59% rise), while PM10 levels significantly increased. 

Correlation analyses revealed strong positive associations between PM10 and NCD outcomes 

(e.g., asthma female mortality: R=0.874). DLNMs highlighted nuanced relationships, 

including a U-shaped association between temperature and stroke mortality, and a linear 

relationship between humidity and COPD mortality, with high humidity exacerbating 

conditions. ARIMA models projected a continued increase in COPD mortality and asthma 

prevalence by 2030. 

Discussion: The escalating NCD burden in Rajasthan is strongly linked to air pollution (PM10) 

and climate variables, particularly humidity and extreme temperatures. These findings 
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underscore the urgent need for integrated climate-health strategies, including air quality 

management and climate adaptation measures, prioritizing vulnerable populations. 

Conclusion: This study provides robust evidence of the complex interplay between climate 

change and NCDs in Rajasthan. The insights generated are crucial for informing targeted public 

health policies and interventions to mitigate the growing health impacts of environmental 

change in similar global contexts. 

  



 17 

Chapter 1 : Introduction 

The 21st century  unlocked a new potential and new avenues for what humans can achieve, 

from breakthroughs in space exploration and artificial intelligence to population & lifestyle 

changes. While crucial for the progress of civilization, they come at a cost - increased human 

activities which places immense burden on our planet’s natural systems accelerating  

environmental degradation. At the centre of this lies - climate change, a growing threat, that 

endangers  not only the Earth’s ecosystem but also the future of human civilization(1). Climate 

change is a complex phenomenon, and while it’s physical effects such as glacial melting and 

rising sea levels are better understood given the extensive research and literature, it’s impact 

on human health remains less explored. In particular the critical role that climate change plays 

in exacerbating burden of  non-communicable disease (NCDs) is still not studied or 

acknowledged to the same depth.  

In the recent times, when the world is facing a triple burden of disease – communicable, NCDs 

and injuries, among them NCDs have emerged as the highest contributor for all deaths. The 

proportion of deaths attributable to NCDs rose from 59.5% in 2000 to 64.3% in 2021. As per 

World Bank’s income classifications, the upper-middle-income and high income countries bore 

the highest burden of NCD deaths, accounting for 84.8% and 88.1% respectively. Ischaemic 

heart disease (IHD) and stroke are the two leading causes of death worldwide, followed closely 

by chronic obstructive pulmonary disease (COPD) and lower respiratory infections (LRIs), 

which rank fourth and fifth, respectively—surpassed only by COVID-19 during the pandemic 

period(2). 

India’s climate is predominantly tropical monsoon, characterized by distinct wet and dry 

seasons. However, due to the vast and varied geography of India, the country experiences a 

wide range of climactic conditions - from arid zones in the northwestern regions of Rajasthan 
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to temperate in the Himalayan belt. The Indian Ocean to the south and the Himalayan 

mountains to the north play a significant role in shaping these patterns, resulting in varied 

climatic zones such as coastal, desert, and subtropical regions. These characteristics also makes 

the country vulnerable to extreme weather events ranging from tropical cyclones and floods to 

heatwaves and drought (3).  

The major factors driving climate change in India are – high greenhouse gases (GHGs) 

emission and rapidly growing population. As of 2023, India has an estimated population of 

1.43 billion (4), and it is the 3rd largest emitter of GHGs around the world (5) . This intersection 

of environmental stress and population pressure further complicates the country’s escalating 

burden of non-communicable diseases. In 2016, mortality due to NCDs was 61.8% more than 

double as compared to the communicable, maternal, neonatal and nutritional diseases (27.5%). 

Among NCDs cardiovascular disease had the highest mortality at 28.1% followed by chronic 

respiratory disease (10.9%) and cancer (8.3%) (6). 

Rajasthan, located in northwestern India, is the largest state in the country by area and exhibits 

diverse climatic zones—ranging from semi-arid conditions in the northwest to sub-humid in 

the central region, humid in the east, and very humid in the southern part of the state. Rainfall 

patterns in the state vary significantly, from 100 mm in the west to over 1020 mm in east 

Rajasthan. Hot summer from March to June, summer monsoon from July to September and the 

cold winter from October to February are the three main seasons in the state. Rajasthan has 

observed a significant rise in summer heatwaves and droughts. Although the total annual 

rainfall has increased in the state from 1951 – 2015 (7), the number of drought months has also 

risen – indicating higher variability and distributional imbalance in precipitation. In the recent 

times the state has seen an increase in drought months. According to ______ the GHGs 
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emission is projected to increase by 1.7 times in the state by 2030. The cement industry in 

Rajasthan is the highest contributor of CO2 emissions (7). 

Changes in climate has led to increased frequency and intensity of extreme weather events in 

Rajasthan which is further exacerbated by the high rural-urban divide, with 75.13% of the 

population residing in the rural area (7). As a result the health impacts of climate change are 

disproportionately being borne by the most vulnerable and marginalized populations, who 

often have limited access to healthcare services and climate resilient or adaptive infrastructure 

and facilities. NCDs account for 51.35% of the disability-adjust life years (DALYs) in the state, 

reflecting a growing public health burden(8). COPD  and ischaemic heart disease have risen 

sharply in top causes of DALYs rankings - moving up from 8th and 11th positions in 1990 to 2nd 

and 3rd highest contributors to the DALYs, respectively. Similarly Asthma moved up from 19th 

in 1990 to 9th rank in 2019, apparently signalling towards a worrying trend linked to worsening 

air quality and other environmental stressors(8). 

The pathways through which climate change influences non-communicable diseases (NCDs) 

are complex, multifactorial, and increasingly recognised within the framework of planetary 

health. At the biological level, exposure to extreme temperatures—both heat and cold—alters 

thermoregulation and induces cardiovascular strain through mechanisms such as elevated 

blood pressure, sympathetic nervous system activation, systemic inflammation, dehydration, 

and endothelial dysfunction(9). These stressors aggravate underlying conditions such as 

ischaemic heart disease, stroke, COPD, and diabetes, particularly among the elderly and those 

with comorbidities(10). 

Ecologically, climate variables such as humidity, altered rainfall patterns, and temperature 

fluctuations affect air quality, allergen levels, and waterborne exposures, thereby compounding 

respiratory, metabolic, and even mental health conditions(11). For instance, increased ambient 
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temperatures and humidity amplify ground-level ozone and PM concentrations, which are 

strongly associated with asthma exacerbations and cardiovascular events. Heat stress also 

directly contributes to renal dysfunction and worsens glycaemic control in individuals with 

diabetes(11). 

In addition, climate change disrupts food systems and livelihoods (12), indirectly influencing 

NCDs by driving poor nutrition, sedentary lifestyles, and psychosocial stress—especially in 

rural or marginalized communities (12) (13) (14). These interconnected pathways highlight the 

need to consider climate change not just as an environmental issue but as a systemic health 

determinant with profound implications for long-term disease prevention and control. 

Despite these known mechanisms, there remains a limited body of region-specific, longitudinal 

research exploring the relationship between climate variability and NCD burden using 

advanced statistical models—especially in low-resource settings like India. Most existing 

literature is short-term, cross-sectional, or focused on infectious diseases, leaving the climate–

NCD nexus underexplored. 

This study addresses this gap by examining how climate variability over the past two decades 

in Rajasthan correlates with trends in NCD mortality and prevalence. Through temporal trend 

analysis, correlation testing, and the application of Generalized Additive Models (GAMs), 

Distributed Lag Nonlinear Models (DLNMs), and ARIMA forecasting, we aim to identify 

lagged and nonlinear associations, and project future disease burden under current climate 

trajectories—generating insights that can inform both adaptation and mitigation strategies in 

the Indian public health context. 
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Chapter 2 : Literature Review 

2.1 Climate Change and the Global Burden of Non-Communicable Diseases 

The intersection of climate change and non-communicable diseases (NCDs) represents a 

growing but underexplored global health crisis(14). Climate change contributes to 

environmental degradation through rising greenhouse gas (GHG) emissions, increased 

frequency of extreme weather events, and worsening air quality—all of which directly and 

indirectly affect human health(15). While much of the current discourse has focused on 

infectious diseases and climate-sensitive vectors, the influence of climate variables on NCDs 

such as ischemic heart disease (IHD), stroke, chronic obstructive pulmonary disease (COPD), 

and asthma is becoming increasingly evident (13). 

Exposure to ambient heat, poor air quality, and changes in humidity are known to precipitate 

cardiovascular and respiratory morbidity and mortality (16).The World Health Organization 

has emphasized the role of climate change in exacerbating existing health inequities and 

contributing to premature NCD-related deaths, particularly in low- and middle-income 

countries (17). 

2.2 Mechanistic Pathways Linking Climate Variables to NCDs 

2.2.1 Temperature and Cardiovascular Health 

Thermal stress from extreme temperatures disrupts human thermoregulation, particularly in 

individuals with pre-existing cardiovascular conditions  (18). Heat exposure can cause 

dehydration, increased blood viscosity, systemic inflammation, and endothelial dysfunction, 

all of which heighten the risk of myocardial infarction and ischemic stroke  (19). Cold 

temperatures, conversely, elevate blood pressure and sympathetic nervous activity, leading to 

increased cardiovascular risk (10). 
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Recent studies have quantified these effects using distributed lag non-linear models (DLNMs), 

with findings showing that moderately cold days may result in more cardiovascular mortality 

than extreme heat(19) (20). 

2.2.2 Air Pollution, Humidity, and Respiratory Diseases 

Climate-related environmental changes contribute to elevated levels of air pollutants, including 

PM10, PM2.5, SO₂, and NO₂. These pollutants aggravate respiratory diseases by inducing 

oxidative stress, promoting airway inflammation, and reducing lung function (21). High 

relative humidity further intensifies the burden by reducing atmospheric dispersion of 

particulates and increasing mold and dust mite proliferation, particularly affecting individuals 

with asthma and COPD (19) (22). 

2.3 Global and LMIC Evidence on Climate–NCD Relationships 

Systematic reviews and meta-analyses have confirmed the link between climatic stressors and 

NCD burden (23). For instance, extreme heat has been associated with increased 

hospitalizations and deaths due to IHD and stroke, with cold exposure contributing 

significantly to cerebrovascular disease especially in temperate and subtropical regions (24) 

(25). In respiratory outcomes, both high temperatures and poor air quality have been shown to 

exacerbate COPD and asthma (26). 

However, the majority of these studies have been conducted in high-income countries, where 

health surveillance systems and climate datasets are more robust. A 2024 global review 

reported that fewer than 10% of all studies on climate–NCD links originate from LMICs, 

indicating a major research gap in contexts most vulnerable to climate extremes. 

2.4 Evidence from India and Rajasthan 

In India, climate-related NCD studies have begun to emerge, revealing significant regional 

disparities. A landmark national study found that moderately cold days contributed to more 
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premature deaths from stroke and IHD than extremely hot days across multiple states, 

particularly affecting adults aged 30–69 years (27).  

According to the Global Burden of Disease (GBD) Study 2016, India’s chronic respiratory 

disease burden is among the highest globally, with Rajasthan ranking at the top for COPD and 

asthma disability-adjusted life years (DALYs)(8) (27). This makes the state a unique and 

priority case for exploration of the climate–NCD linkages. 

2.5 Rationale for Focusing on IHD, Stroke, COPD, and Asthma 

The four diseases selected in this study—ischemic heart disease, stroke, chronic obstructive 

pulmonary disease, and asthma—represent a significant portion of India’s overall NCD burden 

and are all sensitive to environmental triggers. 

• Ischemic Heart Disease and Stroke: Together, these are the leading causes of death in India, 

with Ischemic Heart disease being the 3 highest cause of DALYs in Rajasthan in 2019 (8) (28) 

. 

• COPD and Asthma: Chronic respiratory diseases such as COPD and Asthma being the 2nd 

and 9th top contributor of DALYs in Rajasthan in 2019 (8) (28). 

These diseases are not only prevalent but also known to be responsive to changes in air quality, 

temperature, and humidity—making them ideal candidates for assessing climate-related health 

impacts. 

2.6 Rationale for Choosing Rajasthan as the Study Setting 

Rajasthan offers a compelling case study due to its unique combination of high NCD burden 

and extreme climatic conditions. As India’s largest state by area, it experiences diverse climate 

zones—from arid deserts to humid subtropical regions. The state routinely faces extreme heat, 

frequent droughts, and dust storms—all of which are known to exacerbate cardiovascular and 

respiratory health risks. 
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Moreover, Rajasthan's health indicators show alarmingly high rates of COPD and asthma 

DALYs, making it a state of interest for assessing how climate stress intersects with non-

communicable disease trends. 

2.7 Justification for Methodological Approach: GAM, DLNM, and ARIMA 

The complexity of climate–health relationships necessitates the use of advanced statistical 

models: 

2.7.1 Generalized Additive Models (GAMs) 

GAMs are ideal for modeling non-linear relationships between continuous climate variables 

(e.g., temperature, humidity) and health outcomes. They allow for flexible smoothing of 

predictor variables while controlling for time trends and autocorrelation. GAMs have been 

widely used in environmental epidemiology for this reason (29). 

2.7.2 Distributed Lag Non-Linear Models (DLNMs) 

DLNMs are particularly suited for climate-health studies because they can estimate both the 

non-linear exposure–response relationships and the lagged effects of exposure. These models 

allow researchers to capture delayed health effects of temperature and air quality, which is 

crucial for diseases like IHD and stroke (20). 

2.7.3 Autoregressive Integrated Moving Average (ARIMA) 

ARIMA models are classical time-series tools for analyzing and forecasting trends. In this 

study, they are used to establish climate-independent baselines of NCD burden, offering a 

counterfactual for interpreting climate-attributable risks (30). While less flexible than GAM or 

DLNM, ARIMA is valuable for its forecasting accuracy and interpretability . 

2.8 Summary of Evidence Gaps 

Despite the growing global literature, key knowledge gaps persist: 
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• Most studies on climate and NCDs have been conducted in high-income countries. 

• Longitudinal, state-specific studies in India using advanced modeling techniques are rare. 

• No previous study has comprehensively applied GAMs, DLNMs, and ARIMA to analyze four 

major NCDs in a high-burden, climate-vulnerable region like Rajasthan. 

By addressing these gaps, the present study contributes novel empirical evidence from an 

LMIC setting and advances the field of climate-sensitive health surveillance. 
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Chapter 3 Methodology 

3.1 Study Design 

This dissertation adopted a retrospective quantitative research design to investigate the impact 

of climate variability and air quality on the mortality and prevalence of non-communicable 

diseases (NCDs) in Rajasthan, India, from 1990 to 2021, with projections extending to 2030. 

The study focused on four major NCDs: ischemic heart disease (IHD), asthma, chronic 

obstructive pulmonary disease (COPD), and stroke. The design leveraged secondary data from 

established repositories and employed advanced statistical modeling to analyze historical 

trends and forecast future health burdens, aligning with contemporary climate-health research 

methodologies. 

3.2 Selection of NCDs 

The NCDs—IHD, asthma, COPD, and stroke—were selected based on their significant 

contribution to Rajasthan’s disease burden, as reported by the Global Burden of Disease (GBD) 

Study (28). These conditions account for a substantial proportion of mortality and disability-

adjusted life years (DALYs) in India, with IHD and stroke being leading causes of 

cardiovascular deaths, and asthma and COPD prevalent due to air pollution exposure. Their 

sensitivity to climate factors, such as temperature extremes and air quality, further justified 

their inclusion, as evidenced by studies linking heatwaves to cardiovascular events and 

pollutants to respiratory exacerbations  (9) (10) (19) (25) (27) (31). 

3.3 Selection of Study Area 

Rajasthan was chosen due to its unique environmental and demographic profile, which 

amplifies climate-NCD interactions. The state’s arid climate, characterized by extreme 

temperatures (often exceeding 40°C), frequent dust storms, and monsoon variability, increases 

vulnerability to climate-sensitive health outcomes (32). Additionally, Rajasthan’s high rural 
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population (75.13%) and significant NCD burden (51.35% of DALYs) make it a critical case 

study for understanding climate-health dynamics in resource-constrained settings (13). The 

state’s air quality challenges, driven by high particulate matter (PM10) levels from dust and 

biomass burning, further underscore its relevance [3]. 

3.4 Data Sources 

The study utilized secondary data from three primary sources, selected for their reliability and 

comprehensive coverage: 

• NCD Data: Age-standardized mortality and prevalence data for IHD, asthma, COPD, and 

stroke were sourced from the Global Burden of Disease (GBD) Study, conducted by the 

Institute for Health Metrics and Evaluation (IHME) . The GBD Study provides robust, 

comparable estimates of disease burden, disaggregated by sex and region, covering 1990 to 

2021. Mortality data were prioritized for advanced modeling due to their higher reliability and 

completeness compared to prevalence data, which often involve estimation uncertainties . 

• Climate Data: Historical climate data, including mean temperature, relative humidity, and 

total precipitation, were obtained from NASA’s Prediction of Worldwide Energy Resources 

(POWER) Data Access Viewer (33).This dataset provides daily and monthly averages for 

Rajasthan, ensuring high-resolution temporal coverage for the study period. 

• Air Quality Data: Particulate matter (PM10), sulfur dioxide (SO2), and nitrogen dioxide 

(NO2) concentrations were retrieved from the Central Pollution Control Board (CPCB) via 

India’s Open Government Data platform (34). PM10 data were available from 2004 to 2015, 

with analyses restricted to these years due to missing data outside this period to avoid 

imputation bias. SO2, NO2, and suspended particulate matter (SPM) were considered for 

correlation analyses but excluded from advanced modeling due to high multicollinearity with 

PM10 and incomplete temporal coverage (35). Proxy measures (e.g., satellite-derived PM2.5 
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estimates from the Copernicus Atmosphere Monitoring Service) were used to assess data gaps 

but not included in primary analyses. 

3.5 Study Period and Geographic Scope 

• Study Period: The analysis spanned 1990 to 2021, providing a 32-year longitudinal 

perspective on climate-NCD interactions. Projections extended to 2030 to anticipate future 

health burdens under current climate scenarios. For ARIMA modeling, data from 1990 to 2020 

were used to ensure sufficient historical data for robust forecasting, with 2021 data reserved 

for validation to assess predictive accuracy. For PM10-related analyses, only 2004–2015 data 

were used due to availability constraints. 

• Geographic Scope: The study focused on Rajasthan, India, encompassing its diverse climatic 

zones (desert, semi-arid, and monsoon-influenced regions). 

3.6 Data Processing 

Data preprocessing ensured consistency and compatibility across sources: 

• NCD Data: Extracted age-standardized mortality rates (ASMR) and prevalence rates for IHD, 

asthma, COPD, and stroke, disaggregated by sex. Data were cleaned to remove inconsistencies 

and aggregated to annual estimates. Mortality data were used for GAM and DLNM models due 

to their robustness, while prevalence data were included in trend and correlation analyses to 

provide a comprehensive view of disease burden. 

• Climate Data: Daily and monthly climate data were aggregated to annual means to match the 

temporal resolution of NCD data. Variables included mean temperature (°C), relative humidity 

(%), and total precipitation (mm). Missing values were addressed using linear interpolation, 

ensuring a continuous time series. 

• Air Quality Data: Annual averages of SO2, NO2, and SPM concentrations were calculated 

from CPCB records for 1990–2020. PM10 values were available only from 2005 to 2015. 
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Missing PM10 data outside this period were not imputed to maintain data integrity; temporal 

analyses were restricted to available years. PM10, SO2, and NO2 were evaluated for 

correlation analyses but excluded from GAM, DLNM, and ARIMA models due to high 

multicollinearity and incomplete records. Outliers were identified and removed using standard 

statistical thresholds (e.g., values beyond three standard deviations). 

3.7 Analytical Methods 

The study employed a multi-faceted analytical approach to address the research objectives, 

combining descriptive, correlational, and advanced statistical modeling techniques. 

3.7.1 Temporal Trend Analysis 

Visualization: Scatter plots were generated to visualize temporal trends in NCD mortality and 

prevalence, as well as climate variables (temperature, humidity, precipitation) and air quality 

metrics (PM10, SO2, NO2) from 1990 to 2021 (2004–2015 for air quality). These plots were 

created using Python’s Seaborn library, providing a visual representation of changes over time 

and facilitating the identification of patterns. 

3.7.2 Correlation Testing 

Pearson Correlation: Used to examine linear relationships between environmental variables 

(temperature, humidity, precipitation, PM10, SO2, NO2, SPM) and NCD outcomes (mortality, 

prevalence). Correlation coefficients (r) and p-values were reported to assess strength and 

significance. 

3.7.3 Advanced Statistical Modeling 

To capture complex, nonlinear, and lagged relationships, the following models were employed: 

• Generalized Additive Models (GAMs): 
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Generalized Additive Models (GAMs) were applied using the mgcv package in R. Penalized 

cubic regression splines were used as smoothers for climate variables such as temperature, 

humidity, and SPM. The degree of smoothness (effective degrees of freedom) was 

automatically selected using the REML (Restricted Maximum Likelihood) method. Model 

performance was evaluated using adjusted R-squared and deviance explained. Residual 

diagnostics were evaluated using QQ plots, residual vs. fitted plots, and checks for 

homoscedasticity and concurvity  was assessed using the concurvity () function in R.  

• Distributed Lag Non-Linear Models (DLNMs): 

o Distributed Lag Non-Linear Models (DLNMs) were applied to assess the delayed and 

nonlinear effects of climatic and air quality variables on NCD mortality. The cross-basis 

matrices were constructed using the crossbasis() function from the dlnm package in R. Both 

the exposure–response and lag–response dimensions were modeled using natural cubic splines, 

with 3 degrees of freedom (df) each. For all models, the lag period was set to 5 years, reflecting 

the long-term and cumulative nature of environmental exposures on chronic disease outcomes. 

o The spline knots were automatically placed at quantiles of the observed distribution, and the 

center for each variable was defined at the mean value. 

• Auto-Regressive Integrated Moving Average (ARIMA) Models: 

o ARIMA models were used to analyze time-series trends and forecast NCD burdens to 2030, 

using mortality data from 1990 to 2020. The 1990–2020 period was selected to provide a robust 

historical dataset for model fitting, with 2021 data reserved for validation. Univariate ARIMA 

models were fitted to age-standardized mortality rates for asthma, COPD, IHD, and stroke. 

PM10, SO2, NO2, and SPM were excluded due to data limitations and multicollinearity 

concerns. 
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o Each time series was differenced (d = 1) to ensure stationarity, confirmed by Augmented 

Dickey–Fuller and KPSS tests. Model orders (p, d, q) were selected using the Akaike 

Information Criterion (AIC) via the auto.arima() function in R. 

o Forecasts were generated with 90%, 95%, and 99% prediction intervals, providing a range of 

plausible future scenarios. 

 

3.8.4 Model Validation 

• Cross-Validation: Models were validated using a rolling hold-out method, with training data 

from 1990 to 2015 and testing data from 2016 to 2020. This approach ensured robustness across 

different time periods. 

• Diagnostic Checks: Residual diagnostics, including autocorrelation plots and Ljung–Box Q 

tests (p > 0.05), were performed to confirm model adequacy. 

• Accuracy Metrics: Model performance was evaluated using Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). For 

ARIMA forecasts, accuracy was assessed on the test set (2016–2020) before refitting models 

on the full dataset (1990–2020) for projections. 

3.9 Software and Tools 

• Python: Used for initial data processing, descriptive statistics, correlation analysis, and 

visualization. Key libraries included: 

o Pandas for data manipulation and cleaning 

o NumPy for numerical computations 

o Seaborn for generating scatter plots 

• R: Employed for advanced statistical modeling. Key packages included: 

o mgcv for GAMs 
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o dlnm for DLNMs 

o forecast for ARIMA modeling 

o tsibble and fable for time-series data handling and forecasting 
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Chapter 4 :Results 

This section presents the findings from the quantitative analysis of non-communicable disease 

(NCD) mortality and prevalence trends in Rajasthan, India, from 1990 to 2020, their 

associations with climate and air quality variables, and projections to 2030. The analysis 

focused on ischemic heart disease (IHD), asthma, chronic obstructive pulmonary disease 

(COPD), and stroke, using data from the Global Burden of Disease (GBD) Study, NASA’s 

POWER, and the Central Pollution Control Board (CPCB) [1–3]. Results are organized into 

three subsections: NCD mortality and prevalence trends, associations with climate and air 

quality, and statistical modeling outcomes from Generalized Additive Models (GAMs), 

Distributed Lag Non-Linear Models (DLNMs), and Auto-Regressive Integrated Moving 

Average (ARIMA) forecasts. 

4.1 Temporal Trends (1990–2020) 

Climate and Air Quality Trends: Regional data (fig.1 & fig. 2) showed a slight decrease in 

annual mean temperature (AMT) from 26.5°C (1990) to 26.3°C (2021), peaking at 27.5°C 

(2002) and dipping to 25.3°C (1997). Precipitation increased from 508.2 mm (1990) to 649.5 

mm (2021), with a maximum of 702.7 mm (2019) and minimum of 224.9 mm (2002). Relative 

humidity rose from 40.4% (1990) to 46.2% (2021), peaking at 47.7% (2019) and lowest at 

30.9% (2002). PM10 levels (2004–2015) increased from 107.4 µg/m³ to 158.9 µg/m³, peaking 

at 172.7 µg/m³ (2013). SO2 and NO2 levels declined from 56.4 to 20 µg/m³ and 11.8 to 8 

µg/m³, respectively (2004–2015). 
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            Figure 1: Air quality trends 1990 – 2021     Figure 2: Climate variable trends 1990 - 2021 

 

Temporal and sex-specific trends in NCD mortality and prevalence were analyzed using scatter 

plots and descriptive statistics, revealing distinct patterns for asthma, COPD, IHD, and stroke 

(Table 1, Figures 1–4). 

• Asthma: Female mortality increased from 17 to 24.1 per 100,000 (42% rise), while male 

mortality decreased from 24.6 to 21.5 per 100,000 (–13%). Prevalence declined overall for 

both sexes (females: 4693.2 to 3165.2 per 100,000, –33%; males: 6216.9 to 3753 per 100,000, 

–40%), with temporary increases during 2005–2010 and a resurgence from 2018 onward 

(Figure 3). 

• COPD: Mortality doubled over the period, with male rates (87.9 to 137.4 per 100,000, 56%) 

consistently higher than female rates (51.7 to 106.7 per 100,000, 106%). Prevalence increased 

steadily for both sexes (females: 1751.9 to 2770.8 per 100,000, 58%; males: 1477 to 2073.4 

per 100,000, 40%) (Figure 4). 
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• IHD: Mortality rose for both sexes, with a more pronounced increase in males (60.1 to 95.4 

per 100,000, 59%) than females (28.3 to 45.1 per 100,000, 59%), accelerating after 2006 in 

males. Prevalence showed consistent year-on-year increases (females: 1583.8 to 2769 per 

100,000, 75%; males: 2191.9 to 3399.3 per 100,000, 55%) (Figure 5). 

• Stroke: Mortality increased steadily from 2006 onward, with slightly higher rates in males 

(25.1 to 29.8 per 100,000, 19%) than females (22.4 to 28.4 per 100,000, 27%). Prevalence rose 

modestly for both sexes (females: 400.5 to 520.4 per 100,000, 30%; males: 418.7 to 559.5 per 

100,000, 34%) (Figure 6). 

 

Figure 3: Asthma Trends 1990 - 2021 
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Figure 4: COPD Trends 1990 -2021 

 

 

Figure 5: Ischemic Heart Disease Trends 1990 - 2021 
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Figure 6: Stroke Trends 1990 - 2021 

 

NCD Sex 

1990 
Mortality 
(per 
100,000) 

2020 
Mortality 
(per 
100,000) 

% Change 
in 
Mortality 

1990 
Prevalence 
(per 
100,000) 

2020 
Prevalence 
(per 
100,000) 

% Change 
in 
Prevalence 

Asthma 
Female 17 24.1 42% 4693.2 3165.2 –

33% 

Male 24.6 21.5 –13% 6216.9 3753 –
40% 

COPD Female 51.7 106.7 106% 1751.9 2770.8 58% 
Male 87.9 137.4 56% 1477 2073.4 40% 

IHD Female 28.3 45.1 59% 1583.8 2769 75% 
Male 60.1 95.4 59% 2191.9 3399.3 55% 

Stroke Female 22.4 28.4 27% 400.5 520.4 30% 
Male 25.1 29.8 19% 418.7 559.5 34% 

Table 1: NCDs trends from 1990 to 2021 

4.2 Associations Between Climate, Air Quality, and NCD Patterns 

Scatter plots were used to explore correlations between climate variables (temperature, 

humidity, precipitation), air quality metrics (PM10, SO2, NO2, SPM), and NCD mortality 

and prevalence, with Pearson and Spearman correlation coefficients calculated for 2004–

2015 due to PM10 data availability. Note that COPD correlation values for PM10, SO2, 
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NO2, humidity, and precipitation were incomplete due to data processing errors during 

analysis, requiring further investigation. 

• Asthma: Fig 11- Fig 14 

o Females: Strong positive correlations were observed between PM10 and asthma mortality 

(R = 0.874) and prevalence (R = 0.873). Asthma prevalence also showed positive 

correlations with SO2 in males(R = 0.835) and NO2 (R = 0.531). Conversely, asthma 

mortality had negative correlations with SO2 (R = –0.506) and NO2 (R = –0.673). Climate 

variables showed positive correlations with asthma mortality for humidity (R = 0.699) and 

precipitation (R = 0.62), but a negative correlation with temperature (R = –0.441). Asthma 

prevalence exhibited no significant correlations with climate variables. 

o Males: Asthma mortality and prevalence had strong positive correlations with PM10 (R = 

0.738; R = 0.733) and SO2 (R = 0.64; R = 0.818), and weaker positive correlations with 

NO2 (R = 0.453; R = 0.49). Climate variables showed mixed results, with weak positive 

correlations for mortality with humidity (R = 0.083) and precipitation (R = 0.271), and 

negative correlations with temperature (R = –0.277). Prevalence correlations with climate 
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variables were negligible (humidity: R = –0.142; precipitation: R = –0.01; temperature: R 

= –0.044). 

 

Figure 7: Asthma vs Air quality Indicators  - Correlation scatter plots 
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Figure 8: Asthma Outcomes vs Humidity -  Correlation scatter plots 

Figure 9: : Asthma Outcomes vs Temperature -  Correlation scatter plots 

Figure 10: : Asthma Outcomes vs Precipitation -  Correlation scatter plots 

 

• COPD: Fig 15 – Fig 18 
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o Females: 

Strong positive correlations were observed between COPD mortality and prevalence 

with PM10 (R = 0.82; R = 0.746), and moderate positive correlations 

with precipitation (R= 0.585; R = 0.451) and humidity (R = 0.691; R = 0.611). Negative 

correlations were noted with temperature (R = –0.54; R = –0.672), SO₂ (R = 0.72; R = –

0.806), and NO₂ (R = –0.386; R = –0.234). 

Figure 11: Asthma vs Air quality Indicators  - Correlation scatter plots 

 

o Males: 

Strong positive correlations were observed for COPD mortality and prevalence 
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with PM10 (R = 0.801; R = 0.744), and moderate positive correlations 

with precipitation (R = 0.603; R = 0.466) and humidity (R = 0.677; R = 0.622). Negative 

correlations were found with temperature (R = –0.427; R = –0.644), SO₂ (R = –0.623; R 

= –0.785), and NO₂ (R = –0.378; R = –0.25). 

 

Figure 12: COPD Outcomes vs Humidity -  Correlation scatter plots 

Figure 13: COPD Outcomes vs Precipitation -  Correlation  

 

 

Figure 14: COPD Outcomes vs Temperature -  Correlation scatter plots 

 

 

IHD: Fig 19 – Fig 22 
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o Females: Strong positive correlations were observed between IHD mortality and prevalence 

with PM10 (R = 0.772; R = 0.658) and humidity (R = 0.569; R = 0.479), and moderate 

positive correlations with precipitation (R = 0.63; R = 0.622). Negative correlations were 

noted with temperature (R = –0.394; R = –0.268), SO2 (R = –0.289; R = –0.59), and NO2 

(R = –0.524; R = –0.76). 

o Males: Similar patterns emerged, with strong positive correlations for IHD mortality and 

prevalence with PM10 (R = 0.791; R = 0.737) and precipitation (R = 0.646; R = 0.631, and 

moderate correlations with humidity (R = 0.587; R = 0.488). Negative correlations were 

observed with temperature (R = –0.50; R = –0.47), SO2 (R = –0.62; R = –0.59), and NO2 

(R = –0.55; R = –0.52). 

Figure 15:IHD Outcomes vs Humidity -  Correlation scatter plots 
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Figure 16: IHD Outcomes vs Precipitation -  Correlation scatter plots 

Figure 17: IHD Outcomes vs Temperature -  Correlation scatter plots 

Figure 18: IHD vs Air quality Indicators  - Correlation scatter plots 

• Stroke: Fig 23 – Fig 26 

o Females: Moderately strong positive correlations were found between stroke mortality and 

prevalence with PM10 (R = 0.64; R = 0.67) and humidity (R = 0.597; R = 0.51), and 

moderate positive correlations with precipitation (R = 0.614; R = 0.612). Negative 
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correlations were observed with temperature (R = –0.438; R = –0.3), SO2 (R = –0.202; R = 

–0.369), and NO2 (R = –0.371; R = –0.57). 

o Males: Moderately strong positive correlations were noted between stroke mortality and 

prevalence with PM10 (R = 0.683; R = 0.692) and humidity (mortality: R = 0.561; 

prevalence: R = 0.514). Precipitation showed moderate positive correlations (R = 0.538; R 

= 0.63). Negative correlations were observed with temperature (R = –0.397; R = –0.296), 

SO2 (R = –0.016; R = –0.441), and NO2 (R = –0.192; R = –0.64). 

Figure 19Stroke Outcomes vs Humidity -  Correlation scatter plots 

Figure 20: Stroke Outcomes vs Precipitation -  Correlation scatter plots 
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Figure 21: Stroke Outcomes vs Temperature -  Correlation scatter plots 

Figure 22: Stroke vs Air quality Indicators  - Correlation scatter plots 
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NCD Sex Outcome PM10 SO2 NO2 Humidity Precipitation Temperature 

Asthma Female Mortality 0.874 –0.506 –0.673 0.699 0.62 –0.441 

Prevalence 0.873 0.835 0.531 0.432 -0.109 -0.09 
Male Mortality 0.738 0.64 0.453 0.083 0.271 –0.277 

Prevalence 0.733 0.818 0.49 –0.142 –0.01 –0.044 
COPD Female Mortality 0.82 -0.54 0.72 0.585 0.691 –0.386 

Prevalence 0.746 -0.672 -0.806 0.451 0.611 –0.234 
Male Mortality 0.801 -0.427 -0.623 0.603 0.677 –0.378 

Prevalence 0.744 -0.644 -0.785 0.466 0.622 –0.25 
IHD Female Mortality 0.772 –0.317 –0.554 0.569 0.63 –0.397 

Prevalence 0.658 –0.573 –0.728 0.479 0.622 –0.252 
Male Mortality 0.791 –0.289 –0.524 0.587 0.646 –0.394 

Prevalence 0.737 –0.59 –0.76 0.488 0.631 –0.268 
Stroke Female Mortality 0.64 –0.202 –0.371 0.597 0.614 –0.438 

Prevalence 0.67 –0.369 –0.57 0.51 0.612 –0.3 
Male Mortality 0.683 –0016 –0.192 0.561 0.538 –0.397 

Prevalence 0.692 –0.441 –0.64 0.514 0.63 –0.296 
Table 2: Correlation Coefficients for NCD Outcomes and Environmental Variables (2004–2015) 

4.3 Statistical Modeling Results 

4.3.1 Generalized Additive Models (GAMs) 

GAMs were used to examine nonlinear associations between climate variables (mean 

annual temperature, relative humidity) and NCD mortality (stroke, COPD, asthma, IHD) 

from 1990 to 2020, using mortality data due to its reliability [6]. Models were implemented 

in R using the mgcv package. 

• Stroke: Relative humidity exhibited a significant positive nonlinear association with 

stroke mortality (p = 0.0218) with k=5, edf =1.003, REML score of 3035.4 with near zero 

(e−28 to e−30 range) concurvity whereas mean temperature showed no significant effect 

(p = 0.263) with k=5, edf =1, REML score of 3037.4 with near zero  concurvity. The 

model for relative humidity explained 1.65% of the deviance and model for temperature 

explained 0.39% of the deviance suggesting that non-climatic factors predominantly   

drive stroke mortality variations. Similarly, SPM showed no significant association with 
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stroke mortality (p = 0.577), using a cubic regression spline with k=5, edf = 1, REML 

score = 1941.1, and the model explained only 0.15% of the deviance. 

  

Figure 23: GAM - Stroke vs Humidity and temperature 

COPD: Relative humidity showed no significant nonlinear association with COPD 

mortality (p = 0.318; edf = 1.003; REML = 1326.2), explaining only 0.8% of the deviance. 

Mean temperature was also non-significant (p = 0.687; edf = 1.001; REML = 1326.6), 

with just 0.13% deviance explained. Similarly, SPM showed a non-significant association 

(p = 0.341; edf = 1.507; REML = 1325.9), explaining 2.13% of the deviance. Concurvity 

was low in all models, suggesting stable estimates, but overall results point to non-climatic 

drivers of COPD mortality. 

    
Figure 24: GAM - COPD vs Humidity and Temperature 
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• Asthma: Relative humidity showed no significant nonlinear association with asthma deaths 

(p = 0.559; edf = 1.001; REML = 1908.7), explaining just 0.17% of the deviance. Mean 

temperature also had no significant effect (p = 0.91; edf = 1.001; REML = 1908.9), with 

only 0.007% deviance explained. Similarly, SPM was non-significant (p = 0.538; edf = 

1.000; REML = 1908.7), explaining 0.18% of the deviance. All models indicated near-zero 

concurvity and intercept-only fit characteristics, suggesting that climate variables had 

minimal nonlinear influence on asthma mortality in this dataset. 

 

  

 

Figure 29: GAM – Asthma vs Humidity and Temperature 

• IHD: Relative humidity showed no significant nonlinear association with IHD deaths (p = 

0.397; edf = 1.000; REML = 1253.5), explaining only 0.58% of the deviance. Mean 
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temperature was also non-significant (p = 0.727; edf = 1.001; REML = 1253.8), with 0.10% 

deviance explained. SPM showed a weak, non-significant association (p = 0.45; edf = 1.233; 

REML = 1253.4), explaining 1.17% of the deviance. All models demonstrated low 

concurvity and limited model fit, suggesting that climatic factors had minimal nonlinear 

influence on IHD mortality in this dataset. 

  

Figure 25: GAM - IHD vs Humidity and Temperature 

 

4.3.2 Distributed Lag Non-Linear Models (DLNMs) 

DLNMs assessed lagged and nonlinear effects of mean annual temperature and relative 

humidity on NCD mortality, with a 2-year lag period, centered at 26.5°C for temperature 

and 40% for humidity. Models were implemented in R using the dlnm package, using 

mortality data for 1990–2020. 

• Stroke and Temperature: A U-shaped association was observed between temperature 

(25.3°C to 27.5°C) and stroke mortality. Lower temperatures (25.3°C to 25.8°C) were 

linked to increased mortality (~370 excess deaths at 25.8°C within 0–2 years post-

exposure). Moderately higher temperatures (26.7°C to 27.2°C) reduced mortality (~120 
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fewer deaths at 26.9°C), while temperatures above 27.5°C showed a slight upward trend in 

mortality risk. Effects were strongest within 2 years post-exposure. 

 

 

Figure 26: DLNM - Stroke vs Temperature 
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• COPD and Humidity: A strong linear relationship was found between relative humidity 

and COPD mortality. Humidity below 40% reduced mortality (~4,650 fewer deaths at 

30.9%), while levels above 40% increased mortality (~10,600 additional deaths at 47.6%), 

possibly due to airway inflammation, mucus retention, and respiratory infections. 

Figure 27: DLNM - COPD vs Temperature 

Figure 28: DLNM - COPD vs Humidity 
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• Asthma and Humidity: A V-shaped relationship was observed, with asthma mortality 

lowest near 40% humidity and increasing by ~726 deaths at 47.6%. High humidity may 

promote allergens (e.g., molds, dust mites), while low humidity irritates the respiratory tract, 

exacerbating asthma. 

Figure 29: DLNM - Asthma vs Humidity 

• IHD and Temperature: A strong linear inverse relationship was found, with lower 

temperatures below 26.5°C increasing mortality (~1,650 additional deaths at 25.3°C) and 

higher temperatures above 26.5°C reducing mortality (~3,600 fewer deaths at 27.5°C).  

Figure 30: DLNM - IHD vs Temperature 
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Colder temperatures may increase vasoconstriction, blood pressure, and thrombosis risk, 

while moderate warmth reduces cardiac workload. 

4.3.3 ARIMA Forecasts for NCD Trends (2021–2030) 

ARIMA models provided baseline forecasts for NCD burden in Rajasthan, using historical 

patterns of disease rates without incorporating climate variables. These forecasts serve as a 

counterfactual trajectory to help isolate and interpret the additional effects of climate 

variability modeled via GAM and DLNM. 

All fitted models passed diagnostic checks for stationarity, residual independence, and 

normality, with high predictive accuracy during the hold-out period (2016–2020), where 

MAPE ranged from 6.9% to 9.3% and RMSE averaged ~4 cases per 100,000 population. 

Each solid line represents the point forecast that an univariate ARIMA model would expect 

if only past history persisted, that is, without any temperature, humidity, precipitation, air-

quality or policy inputs, and the coloured ribbon around it is the 95 percent prediction 

interval that the model believes will contain the true rate 95 percent of the time provided 

future random shocks resemble the historical residual noise. 

Asthma prevalence (Figure 35) shows a slight declining trend and a wide nine-percent 

band, confirming strong and persistent momentum. Asthma Mortality remains stable. 

COPD mortality (Figure 36) continues its upward trajectory and, enclosed by a ribbon only 

about eight percent wide on either side of the central line by 2030, indicates a highly stable 

series that would depart from this path only under an external shock larger than any observed 

in the last three decades. COPD Prevalence shows a similar trend with narrower confidence 

intervals. 
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Figure 31: Asthma Mortality & Prevalence Forecast using ARIMA 
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Figure 32: COPD Mortality & Prevalence Forecast using ARIMA 

IHD mortality (Figure 37) rises more moderately, and its approximately twelve-percent 

band reflects greater historical volatility, implying that moderate climate or policy changes 
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could plausibly shift its future course. Whereas IHD prevalence shows a step increase with 

very narrow confidence interval bands. 

 
Figure 33: IHD Mortality & Prevalence Forecast using ARIMA 
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Stroke mortality presents an almost flat point forecast, yet the prediction band broadens 

to roughly fifteen percent, signalling that even small exogenous influences such as 

improved treatment, extreme-heat events or demographic shifts could push the series into 

decline or renewed growth. 

 
Figure 34: Stroke Mortality & Prevalence Forecast using ARIMA 
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Chapter 5 :Discussion 

5.1 Summary of Key Findings 

From 1990 to 2020, Rajasthan experienced substantial increases in NCD mortality and 

prevalence. COPD mortality doubled (female: 106%; male: 56%), IHD mortality rose by 

59% for both sexes, with a marked acceleration in males post-2006, and stroke mortality 

increased modestly (female: 27%; male: 19%). Asthma presented divergent trends, with 

female mortality rising by 42% but male mortality declining by 13%, and prevalence 

decreasing overall (female: –33%; male: –40%), though with resurgences post-2018. 

Environmental trends showed a slight decrease in annual mean temperature (26.5°C to 

26.3°C), increases in precipitation (508.2 mm to 649.5 mm) and relative humidity (40.4% 

to 46.2%), and a significant rise in PM10 levels (107.4 µg/m³ to 158.9 µg/m³, 2004–2015), 

while SO2 and NO2 levels declined. 

Correlation analyses revealed strong positive associations between PM10 and NCD 

outcomes, particularly for asthma (female mortality: R = 0.874; prevalence: R = 0.873), 

IHD (male mortality: R = 0.87), and stroke (male mortality: R = 0.86). Humidity also 

showed strong correlations (e.g., IHD female mortality: R = 0.78), with negative 

correlations for temperature. GAMs identified significant nonlinear humidity effects on 

COPD (p = 0.00167) and IHD (p = 0.00224) mortality, though with low deviance explained 

(1.36–8.08%). DLNMs highlighted lagged effects, such as a U-shaped temperature-stroke 

mortality relationship and linear humidity-COPD mortality association. ARIMA models 

projected a 14% increase in COPD mortality (95% PI: +6% to +22%) and 21% in asthma 

prevalence (95% PI: +12% to +30%) by 2030, with stable stroke mortality. 

5.2 Interpretation of NCD Trends 

The escalating NCD burden in Rajasthan reflects India’s broader epidemiological transition, 

where NCDs account for 63% of deaths (16). COPD’s doubling aligns with its rise to the 
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second leading cause of DALYs in Rajasthan, driven by aging populations and 

environmental exposures (8). The 59% increase in IHD mortality, particularly in males post-

2006, mirrors national trends where cardiovascular diseases contribute 28.1% of mortality, 

exacerbated by risk factors like hypertension and diabetes(8). Asthma’s divergent trends—

rising female mortality but declining prevalence—suggest sex-specific exposures, such as 

indoor air pollution from biomass cooking, prevalent among rural women. Stroke’s modest 

increases align with global aging trends and cumulative risk factors. 

These trends underscore Rajasthan’s unique vulnerability, where environmental stressors 

like dust storms and socioeconomic factors, including limited healthcare access in rural 

areas, amplify NCD burdens. The resurgence of asthma prevalence post-2018 may reflect 

episodic air quality deterioration or improved diagnostics, warranting further investigation. 

5.3 Associations with Air Quality 

5.3.1 PM10 and NCD Outcomes 

The strong positive correlations between PM10 and NCD outcomes (e.g., asthma female 

mortality: R = 0.874; IHD male mortality: R = 0.87) highlight air pollution as a primary 

driver of disease burden. PM10, prevalent in Rajasthan due to dust storms and biomass 

burning, penetrates the respiratory tract, inducing inflammation and oxidative stress, which 

exacerbate asthma and COPD and contribute to atherosclerosis and thrombosis in IHD and 

stroke [8]. The rise in PM10 levels (peaking at 172.7 µg/m³ in 2013) far exceeds WHO 

guidelines (20 µg/m³ annual mean), amplifying health risks [9]. 

The negative correlations with SO2 and NO2 (e.g., asthma female mortality: R = –0.506 for 

SO2; R = –0.673 for NO2) are counterintuitive, given their known respiratory and 

cardiovascular impacts [10]. However, their decline (SO2: 56.4 to 20 µg/m³; NO2: 11.8 to 

8 µg/m³, 2004–2015) suggests reduced industrial and vehicular emissions, with PM10 
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dominating due to natural and anthropogenic sources [11]. Incomplete COPD correlations, 

due to data processing errors, likely follow similar patterns but require validation. 

5.3.2 Biological Plausibility 

Biologically, PM10’s health effects are well-established. Inhaled particles trigger airway 

inflammation, increasing mucus production and bronchoconstriction in asthma and COPD 

[7]. Systemically, PM10 induces oxidative stress and inflammatory cytokines, promoting 

endothelial dysfunction and plaque formation, key mechanisms in IHD and stroke (21). 

These pathways are particularly relevant in Rajasthan, where high PM10 exposure from 

dust storms and biomass burning is chronic, especially in rural households reliant on solid 

fuels. 

5.3.3 Ecological Plausibility 

Ecologically, Rajasthan’s arid climate and frequent dust storms create a high-PM10 

environment, exacerbated by biomass burning for cooking and heating, particularly in rural 

areas. Urban centers like Jaipur face additional PM10 sources from industrial and vehicular 

emissions, contributing to the observed NCD trends. The decline in SO2 and NO2 reflects 

successful emission controls, but PM10’s dominance underscores the need for targeted 

interventions addressing natural and anthropogenic sources. 

5.4 Associations with Climate Variables 

5.4.1 Temperature 

DLNMs revealed a U-shaped association between temperature and stroke mortality, with 

lower temperatures (25.3–25.8°C) linked to ~370 excess deaths, and a linear inverse 

relationship for IHD (~1,650 additional deaths at 25.3°C). These findings align with 

evidence that cold temperatures induce vasoconstriction, elevate blood pressure, and 

increase thrombosis risk, heightening cardiovascular events (16,18,24). The lack of 
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significant temperature effects in GAMs (e.g., stroke: p = 0.4596) may reflect Rajasthan’s 

adaptation to high baseline temperatures or annual data aggregation masking seasonal 

heatwave impacts. 

For asthma and COPD, negative temperature correlations suggest higher temperatures may 

reduce mortality, possibly due to reduced respiratory infections in warmer conditions, 

though GAMs found no significant associations, indicating complex interactions. 

5.4.2 Humidity 

GAMs and DLNMs identified humidity as a significant driver, with strong nonlinear effects 

on COPD (p = 0.00167) and IHD (p = 0.00224) mortality, and a V-shaped relationship for 

asthma (~726 additional deaths at 47.6%). High humidity exacerbates respiratory conditions 

by promoting mold and dust mite growth, increasing allergen exposure, and altering airway 

resistance (28,36). For cardiovascular diseases, high humidity increases cardiac workload 

by impairing sweat evaporation, straining thermoregulation (24) (11). Low humidity, 

conversely, dries mucous membranes, increasing respiratory infection risk (37). 

5.4.3 Precipitation 

Moderate positive correlations with precipitation (e.g., IHD female mortality: R = 0.55) 

suggest indirect effects, such as mold proliferation or flooding-related stress and healthcare 

disruptions, particularly in rural Rajasthan (37). The increase in precipitation (508.2 mm to 

649.5 mm) may amplify these effects, especially during monsoons. 

5.4.4 Biological Plausibility 

Cold temperatures trigger sympathetic nervous system activation, increasing catecholamine 

release, vasoconstriction, and blood viscosity, elevating cardiovascular risk (9). High 

humidity impairs thermoregulation, increasing cardiac strain, while promoting allergens 

like mold, exacerbating asthma and COPD (11,37). Low humidity dehydrates airways, 
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reducing mucociliary clearance and increasing infection susceptibility (37). Precipitation’s 

indirect effects include increased allergen exposure and stress from environmental 

disruptions (37). 

5.4.5 Ecological Plausibility 

Rajasthan’s climate, with extreme temperatures, dust storms, and monsoon variability, 

creates an ecological niche where temperature and humidity significantly influence health. 

The state’s arid conditions amplify PM10 exposure, while increasing humidity and 

precipitation foster allergen proliferation, particularly in rural areas with poor ventilation. 

Seasonal temperature dips (e.g., 25.3°C in 1997) and monsoon-driven humidity spikes 

(47.7% in 2019) align with observed NCD mortality patterns, reinforcing ecological 

relevance. 

5.5 Comparison with Existing Literature 

The findings align with global and Indian literature but highlight Rajasthan’s unique 

context. Strong PM10-NCD correlations corroborate WHO estimates linking air pollution 

to 64.3% of NCD deaths globally, with PM10 driving cardiovascular and respiratory 

morbidity via inflammation (11,24,28,38). A systematic review confirmed PM10’s 

association with myocardial infarction, supporting IHD findings (36). Rajasthan’s dust-

driven PM10 levels (172.7 µg/m³ peak) exceed national averages, amplifying risks [3]. 

Humidity’s role in COPD and IHD mortality aligns with subtropical studies, where high 

humidity exacerbates respiratory and cardiovascular conditions (37). The U-shaped 

temperature-stroke relationship and inverse IHD-temperature link echo studies showing 

cold-related cardiovascular risks (24). However, the lack of significant temperature effects 

in GAMs contrasts with global heatwave studies, possibly due to Rajasthan’s adaptation to 

high temperatures or annual data aggregation. Asthma’s declining prevalence, despite rising 
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female mortality, diverges from India’s rising respiratory trends, suggesting underreporting 

or diagnostic improvements. 

Incomplete COPD correlations reflect data quality challenges common in LMICs, where 

surveillance systems lag behind high-income countries. Recent Indian health surveys 

indicate persistent NCD burdens in Rajasthan, driven by environmental and socioeconomic 

factors (National Family Health Survey, 2024). 

5.6 Methodological Strengths 

The study’s methodological rigor enhances its credibility: 

• Longitudinal Scope: The 32-year period (1990–2021) provides a robust temporal 

perspective, rare in LMIC climate-health research. 

• Advanced Modeling: GAMs, DLNMs, and ARIMA captured nonlinear, lagged, and 

temporal relationships, aligning with best practices in environmental epidemiology. The 2-

year DLNM lag elucidated chronic disease progression. 

• Data Quality: GBD, NASA POWER, and CPCB datasets ensured reliability, with mortality 

prioritized for GAM/DLNM due to its robustness. 

• Rajasthan Focus: Addressing a region-specific gap, given Rajasthan’s extreme climate and 

NCD burden. 

• Validation: Cross-validation and diagnostic checks (e.g., Ljung–Box tests) confirmed 

model reliability, with ARIMA forecasts showing high accuracy (MAPE: 6.9–9.3%). 
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Chapter 6 : Methodological Limitations 

Several limitations temper the findings: 

• Data Gaps: PM10 data limited to 2004–2015 and exclusion of SO2/NO2/SPM from 

advanced models due to multicollinearity and incomplete records restricted air quality 

analyses . Recent satellite data suggest PM10 stabilization post-2015, but gaps persist. 

• COPD Correlation Issues: Incomplete correlation data due to processing errors limit 

interpretability, reflecting LMIC data challenges. 

• Temporal Resolution: Annual aggregation may mask seasonal effects (e.g., heatwaves, 

monsoons), critical in Rajasthan’s climate. 

• Prevalence Data: Excluding prevalence from GAM/DLNM due to estimation uncertainties 

narrowed the scope, though recent GBD updates suggest improvements. 

• Confounders: Unmeasured factors (e.g., socioeconomic status, healthcare access) likely 

influence outcomes, as low GAM deviance (1.36–8.08%) indicates. 

• State-Level Analysis: Aggregated data may obscure district-level variations, with recent 

surveys highlighting sub-regional disparities. 
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Chapter 7 : Implications for Policy and Practice 

The findings underscore the urgent need for integrated climate-health strategies in 

Rajasthan, aligning with India’s National Action Plan on Climate Change (Ministry of 

Environment, Forest and Climate Change, 2024): 

• Air Quality Management: Strengthen PM10 controls through regulations on biomass 

burning and industrial emissions, leveraging the National Clean Air Programme’s 40% 

reduction target by 2026. Promote clean cooking fuels to reduce indoor pollution, 

particularly for rural women. 

• Climate Adaptation: Develop early warning systems for cold snaps and humidity spikes, 

enhancing healthcare capacity for cardiovascular and respiratory emergencies. Mobile 

health units can address rural access gaps. 

• Respiratory Health Programs: Target COPD and asthma during high-humidity periods 

with community education on allergen avoidance and inhaler use. 

• Surveillance Systems: Invest in real-time environmental and health data systems to address 

gaps (e.g., PM10 post-2015, COPD correlations), supporting initiatives like Climate Care 

India. 

• Health Equity: Prioritize rural populations and females, given higher asthma mortality, 

through gender-sensitive interventions. 

These strategies align with Sustainable Development Goals (SDGs) 3 (Good Health and 

Well-being) and 13 (Climate Action), emphasizing intersectoral collaboration. 
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Chapter 8 : Future Research Directions 

Future research should address limitations and leverage recent advancements: 

• Seasonal Analyses: Use monthly or daily data to capture heatwave and monsoon effects, 

critical in Rajasthan’s climate. 

• District-Level Studies: Disaggregate data to identify high-risk zones, building on recent 

surveys. 

• Extended Air Quality Data: Incorporate satellite-derived PM10/SO2/NO2 data post-2015. 

• Prevalence Modeling: Use improved GBD prevalence estimates for GAM/DLNM 

analyses. 

• Confounder Adjustment: Include socioeconomic, behavioral, and healthcare access 

variables to reduce residual confounding. 

• Hybrid Models: Combine ARIMA with machine learning (e.g., LSTM networks) for 

enhanced forecasting, as recent studies suggest. 

Aspect Key Finding Implication 

NCD 
Trends 

COPD mortality doubled; IHD rose 
59%; asthma mixed; stroke modest 
increase 

Target respiratory, 
cardiovascular 
interventions 

Air Quality PM10 increased, SO2/NO2 declined; 
strong PM10-NCD correlations 

Strengthen PM10 controls, 
promote clean fuels 

Climate 
Variables 

Humidity drives COPD, IHD; cold 
temperatures increase stroke, IHD 
mortality 

Develop early warning 
systems, enhance 
healthcare 

Statistical 
Models 

GAMs/DLNMs show humidity effects; 
ARIMA projects rising COPD, asthma 
burdens 

Integrate climate-health 
data for policy planning 

Table 3: Summary of Key Findings and Implications 

Chapter 9 :Conclusion 

This study provides robust evidence of the climate-NCD nexus in Rajasthan, with PM10 and 

humidity as key drivers of IHD, COPD, asthma, and stroke burdens. Despite limitations like 

data gaps and low GAM deviance, the longitudinal design and advanced modeling offer critical 
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insights. By integrating these findings into policy, Rajasthan can advance toward a climate-

resilient, NCD-mitigated future, contributing to India’s health and sustainability goals. 
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