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Abstract 

Background  Malaria continues to be a critical public health concern in India, predominantly driven by complex 
interplays of ecological, climatic, and socioeconomic factors.

Methods  This study aimed to assess the association between climatic variables (temperature and precipitation) 
and malaria incidence across India from 2010 to 2019, utilizing data from the Global Historical Weather and Climate 
Data for climate metrics and the Global Burden of Disease Study for malaria incidence rates. Generalized Linear Mixed 
Models (GLMMs) with a Poisson distribution were employed to analyze the data, adjusting for socio-economic status, 
as indexed by the Human Development Index (HDI).

Results  The results indicated a declining trend in both the number of malaria cases and age-specific incidence 
rates (ASIR) over the study period. In 2010, India reported approximately 20.7 million cases with an ASIR of 1688.86 
per 100,000 population, which significantly reduced to 9.8 million cases and an ASIR of 700.80 by 2019. High malaria 
incidence was consistently observed in the states of Jharkhand and Odisha, whereas Sikkim reported the lowest num‑
bers. Statistical analysis identified significant associations between malaria incidence and both temperature devia‑
tions and precipitation levels, with variations also linked to HDI, suggesting better detection and reporting capabilities 
in more developed areas.
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Conclusion  The study underscores the critical interactions between climatic variables and socio-economic factors 
in shaping the trends of malaria incidence across India. These findings highlight the necessity for adaptive, localized 
public health strategies that integrate environmental monitoring with socio-economic data to efficiently predict 
and manage malaria outbreaks.

Keywords  Malaria incidence, Climatic variables, Socio-economic factors, Generalized linear mixed models, Human 
development index, Public health strategies, SDG

Background
Malaria stands out as one of the most serious and com-
plex global public health problems. Despite the rigorous 
and continuous efforts of various health organizations, 
it remains a significant challenge, impacting people’s 
health and livelihoods worldwide. In addition, it remains 
among the top causes of disease and mortality in sub-
Saharan Africa even though it is preventable and treat-
able [1]. Across 85 malaria-endemic nations and regions 
globally, there were almost 249 million cases of malaria 
in 2022—a 5 million increase over the previous year. Key 
contributors to this increase included Pakistan, Ethiopia, 
Nigeria, Uganda, and Papua New Guinea. Even though 
African nations constituted roughly 94% of the total 
global malaria cases in 2022, totalling around 233 mil-
lion cases, it’s crucial to recognize the malaria burden in 
other regions. The World Health Organization’s South-
east Asia region (SEAR) contributed approximately 2% 
of the global malaria cases and experiencing an estimated 
83% decline in malaria incidence from 2000 to 2022 [1]. 
Within the SEAR, India contributed to 66% of the malaria 
cases, while collectively, India and Indonesia accounted 
for roughly 94% of all malaria deaths in the region.

In India, a pivotal moment in the understanding of 
malaria occurred when Roland Ross, a British Army 
Officer serving in the Indian Medical Service, declared 
on August 27, 1897, that he had proven mosquitoes could 
transmit malaria. His discovery demonstrated that mos-
quitoes became carriers of the disease after feeding on 
a person infected with the malaria parasite and subse-
quently biting an uninfected individual. This revelation 
highlighted the crucial role of mosquitoes in the spread 
of malaria and sparked interest among public health 
experts in the potential for malaria elimination strate-
gies. In 1935, India faced a staggering burden of malaria, 
with an estimated 100 million cases and one million 
deaths annually [2]. However, a significant turnaround 
occurred with the initiation of the National Malaria 
Eradication Programme in 1958. By the mid-1960s, 
the death toll plummeted to zero, with only 0.1 million 
reported cases, marking a remarkable achievement in 
virtually eliminating the disease from the country [3, 4]. 
This success bred complacency, leading to a belief that 
malaria had been conquered. Yet, challenges emerged in 

the 1970s due to factors like dichlorodiphenyltrichloro-
ethane (DDT) resistance, resulting in a resurgence of the 
disease. Reported cases spiked to 6.5 million in 1975 [4, 
5]. Despite subsequent reductions to 2.38 million during 
1990–2000 and further declines to 0.79 million annually 
from 2011 to 2022, malaria remains a persistent health 
concern in India [6].

Malaria is the result of a parasite transmitted to 
humans by mosquitoes of the Anopheles genus. These 
mosquitoes, seeking blood for their egg production, 
transmit the Plasmodium parasite while feeding [7]. The 
development and maturation of this parasite are largely 
influenced by climatic conditions such as temperature, 
rainfall, and relative humidity [8, 9]. Therefore, any alter-
ations in these climate factors would undoubtedly impact 
mosquito ecology [10–12]. Of all vector-borne dis-
eases influenced by environmental and climatic factors, 
malaria imposes the largest burden worldwide. This gives 
rise to legitimate concerns about how attempts to combat 
the disease may be impacted by climate change [13–15]. 
The impact of climate change on malaria transmission is 
subject to diverse viewpoints. While some experts antici-
pate a significant expansion of malaria, others argue that 
the direct influence on transmission may be minimal, 
particularly considering changes in other contributing 
factors [16–20]. Furthermore, some studies indicate a 
potential reduction in malaria burden in response to cli-
mate change [21]. Despite these differing perspectives, 
there is agreement that the interaction between climate 
change and malaria transmission is intricate, and there is 
limited empirical evidence to provide reliable predictions 
[15, 19, 22]. This underscores why the impact of climatic 
and environmental variables on malaria incidence has 
been a central focus of research [23].

Multiple studies conducted worldwide indicate that 
climate plays a crucial role in determining the distribu-
tion of malaria vectors and pathogens [24–28]. Result 
obtained from certain studies suggest that rather than 
an immediate impact of climatic factors on malaria 
incidence, there may be a delayed effect [29, 30]. For 
instance, it has been noted that malaria incidence in Sri 
Lanka lags by zero to three months behind rainfall [31]. 
Temperature, rainfall, and humidity intricately influence 
malaria transmission [15, 17, 32]. These factors define the 
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disease’s geographic boundaries as well as its seasonality 
and intensity within those boundaries [33, 34]. Malaria 
transmission peaks in regions where temperature, rain-
fall, and humidity are close to optimal levels, as com-
monly observed across extensive areas of sub-Saharan 
Africa as well as in many parts of India [14, 25, 35, 36]. 
Changes in these factors due to climate change are antici-
pated to impact malaria transmission and control efforts. 
The effects will be non-linear and context-dependent, 
varying with factors like malaria control measures, soci-
oeconomic development, and environmental manage-
ment [15, 18]. Extreme weather events caused by climate 
change, such as flooding and droughts, further compli-
cate malaria dynamics [15].

India is working towards eliminating malaria through-
out the country by 2030, as outlined in the Global Tech-
nical Strategy for Malaria 2016–2030 (GTS) [37]. The 
objectives include eliminating malaria from all low and 
moderate transmission states/union territories by 2022, 
reducing malaria incidence to less than 1 case per 1000 
population annually in all states and UTs by 2024, inter-
rupting indigenous transmission nationwide by 2027, and 
preventing the re-establishment of local transmission 
to maintain a malaria-free status by 2030 and beyond 
[38]. The malaria reduction rate in India remains unsat-
isfactory despite ongoing programmes, exacerbated by 
limited state-specific research and challenges posed by 
global and national climate change. Existing literature on 
the impact of temperature and precipitation on malaria 
is inconclusive, with a lack of nation and state-level stud-
ies. This study aims to assess the association between 
national and state-level temperature, precipitation, and 
malaria incidence from 2010 to 2019 in India. By analyz-
ing a decade of data, the study provides a comprehensive 
understanding of temperature and precipitation patterns 
and their relationship with malaria incidence. These 
findings are intended to complement previous research, 
enhance understanding of climate-malaria dynamics, and 
support malaria control efforts in the context of climate 
change, ultimately contributing to India’s national and 
state-specific goal of malaria elimination.

Methods
Study design and data sources
This national observational study covered all states and 
union territories, which recorded malaria incidence 
along with monthly temperature and precipitation data 
from 2010 to 2019. Meteorological data were obtained 
from the Global Historical Weather and Climate Data 
(GHWCD), a comprehensive resource that provides 
weather and climate data (GHWCD, 2019). This collects 
records of temperature, precipitation, and atmospheric 
pressure. The collection of temperature, precipitation, 

and atmospheric pressure records in Global Historical 
Weather and Climate Data involves standardized proce-
dures to ensure accuracy and consistency. Temperature 
is typically measured using thermometers placed inside 
Stevenson screens to shield them from direct sunlight 
and precipitation while allowing air flow for accurate 
ambient readings. Precipitation is captured using vari-
ous types of rain gauges, including tipping bucket and 
weighing gauges, which automatically record the amount 
of rainfall. Atmospheric pressure is gauged with mer-
cury and aneroid barometers, which measure pressure 
changes that are indicative of weather conditions. These 
instruments are routinely calibrated and maintained 
under guidelines set by the World Meteorological Organ-
ization. Data collected are then transmitted to databases 
where they undergo quality control, including homogeni-
zation to adjust for any discrepancies caused by changes 
in measurement methods or environmental factors, 
ensuring that the historical data are reliable and useful 
for research and forecasting purposes.

The Global Burden of Disease Study 2019, provides a 
comprehensive analysis of the various burden of disease 
on health over time, classified by gender, age, and geo-
graphical region [39]. The malaria incidence data utilized 
in this study is drawn from this comprehensive analysis.

National annual average temperature and precipitation
Monthly temperature and total precipitation data for a 
designated area from the Global Historical Weather and 
Climate Data website, covering all months within a year. 
The data from all relevant meteorological observation 
regions were then combined and analysed on an annual 
basis. Finally, the annual temperature and total precipita-
tion data for national meteorological regions were com-
piled, covering the period from 2010 to 2019.

Malaria incidence data
Annual cases and incidence rates of malaria from 2010 to 
2019, categorized by sex and age for India, were obtained 
from the Global Health Data Exchange, established and 
maintained by the Institute for Health Metrics and Evalu-
ation (IHME). To account for differing age structures 
across populations and over time, age-standardized inci-
dence rates (ASIRs) of malaria were also gathered. These 
rates were calculated by applying age-specific rates to 
a GBD world standard population. Sub-analyses were 
conducted by age categories (< 5, 5–14, 15–49, 50–69, 
and ≥ 70  years). The methodological techniques used to 
calculate the prevalence of malaria infection have been 
detailed in previous studies [39]. In summary, GBD 
standardized and consolidated all available incidence 
data into a unified database, which was then used to 
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generate cause-specific estimates by age, sex, year, and 
geography [39].

Statistical analysis
The annual average temperature and precipitation data 
for each state were computed using monthly temperature 
and total precipitation values from all monitoring sta-
tions. Annual temperature and precipitation maps were 
then generated using ArcGIS version 10.3.

The relationship between environmental conditions, 
socio-economic status, and malaria incidence was mod-
elled using a Generalized Linear Mixed Model (GLMM) 
with a Poisson distribution, suitable for count data such 
as incidence rates. The model incorporated both fixed 
and random effects to account for observed and unob-
served variability in the primary outcome variable, age-
specific incidence rate (ASIR) of malaria per 100,000 
population. Key variables included in the model were the 
States of India, year of data collection (2010, 2015 and 
2019), average temperature (°C) during the year, total 
precipitation (mm) for the year, and the human develop-
ment index (HDI) value of the states in these years. The 
dataset was subjected to pre-processing to align with the 
analytical needs, including normalization and transfor-
mation of certain variables.

Data transformation
Transformations applied to the data were as follows:

Temperature deviation: This variable was calculated as 
the absolute value of the difference between the observed 
temperature and a baseline of 28  °C, which represents a 
typical mean temperature conducive to mosquito viabil-
ity and malaria parasite development.

ASIR rounding (ASIR integer): The ASIR values were 
rounded to the nearest integer using the ceiling function 
to facilitate modelling with a Poisson distribution, which 
requires count data.

Normalized precipitation: Precipitation data were 
standardized by subtracting the mean and dividing by the 
standard deviation across all observations to reduce vari-
ability and improve model stability.

Model specification

where: λij represents the expected ASIR for the ith state 
in the jth year; β0, β1, β2 and β3 are the fixed effect coeffi-
cients corresponding to the intercept, temperature devia-
tion, normalized precipitation and HDI, respectively; ui is 

log
(

�ij

)

= β0 + β1 × Temperature_Deviationij

+ β2 × Normalized_Precipitationij

+ β3 × HDIij + ui + vj

the random effect for the ith state, capturing unobserved 
heterogeneity among different states; vj is the random 
effect for the jth year, accounting for variations across 
years that affect all states similarly; log(λij) denotes the 
natural logarithm, linking the linear predictors to the 
expected age specific malaria incidence rates.

Intercept β0 represents the log ASIR when all predic-
tors are at their mean values (baseline conditions). The 
coefficient of temperature deviation measures the impact 
of deviation from optimal malaria transmission tem-
perature (28 °C) on ASIR. The coefficient of Normalized 
Precipitation assesses how variations in precipitation 
relative to the norm affect malaria incidence. The coef-
ficient of the Human Development Index (HDI) evaluates 
the influence of socio-economic development on ASIR of 
malaria per 100,000 population. State-specific variability 
(ui) allows for non-constant variance across states due to 
unmeasured factors like local malaria control initiatives 
or microclimatic conditions. Year-specific variability (vj) 
captures annual fluctuations that might be due to factors 
like epidemic outbreaks or significant weather events.

Model assumptions and performance evaluation
Model assumptions were verified by examining the resid-
ual plots and the significance of fixed effects was tested 
using Wald z-tests, provided by default in GLMM out-
puts. Variance Inflation Factor (VIF) and pair-wise corre-
lation coefficients were calculated to assess the existence 
of a multicollinearity problem. The Akaike Information 
Criterion (AIC) and Bayesian Information Criterion 
(BIC) are statistical metrics used to evaluate model fit 
and complexity. Both criteria aim to resolve the trade-off 
between goodness of fit and model simplicity, penalizing 
the addition of unnecessary parameters. AIC focuses on 
information loss minimization, whereas BIC incorpo-
rates a stronger penalty for models with more param-
eters, especially as sample size increases. The marginal 
R-squared (R2

m) value was assessed to quantify the vari-
ance explained solely by the fixed effects, while the condi-
tional R-squared (R2

c) measure was calculated to quantify 
the variance explained by both fixed and random effects 
combined.

Results
Malaria burden in India: national and state‑specific trends 
(2010, 2015, 2019)
In 2010, nationally there were 20.7 million malaria cases 
with an ASIR of 1688.86 per 100,000 population. This 
decreases to 12.4  million malaria case and ASIR of 930 
per 100,000 population in 2015. Similar pattern follows 
for 2019, malaria cases decrease to 9.8 million and rela-
tive ASIR decreases to 700.80 per 100,000 population. 
Jharkhand had the highest number of cases in 2010 38.11 
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million followed by Odisha 32.9 million and lowest in 
Sikkim with 3 × 10–3 million cases followed by Himan-
chal Pradesh with 1.7 × 10–2. Odisha had highest number 
of cases in 2015 and 2019 (29.7 million and 19.5 million 
respectively) while Sikkim is the lowest malaria cases in 
2015 1.6 × 10–3 and 2019 4.4 × 10–4 (Fig. 1).

Arunachal Pradesh had the highest ASIR of malaria 
in 2010 11,948.86 per 100,000 population followed by 
Mizoram 11,814.42 per 100,000 and lowest in Himan-
chal Pradesh 23.83 per 100,000 population followed by 
Delhi 25.17 per 100,000 population. Mizoram had the 
highest ASIR of malaria in 2015 16,206.09 per 100,000 
population followed by Meghalaya 9944.92 per 100,000 
and lowest in Delhi 4.69 per 100,000 population followed 
by Himanchal Pradesh 25.17 per 100,000 population. 
In 2019, Chhattisgarh had the highest ASIR of malaria 
in 4789.26 per 100,000 population followed by Odisha 
4116.95 per 100,000 and lowest in Himanchal Pradesh 
5.56 per 100,000 population followed by Sikkim 6.39 per 
100,000 population (Fig. 2).

Annual average precipitation and temperature variation 
by states in India (2010, 2015, 2019)
In 2010, Maharashtra had the highest monthly precipita-
tion at 15.46 mm, followed by Meghalaya with 7.22 mm 
and lowest in West Bengal with monthly precipita-
tion 0.39  mm followed by Rajasthan 0.45  mm. By 2019, 
Meghalaya had the highest monthly precipitation at 
18.17 mm followed by Arunachal Pradesh 12.54 mm and 
lowest in Haryana with monthly precipitation at 1.31 mm 
followed by Delhi 1.79  mm. The maximum increase in 
precipitation was observed in Meghalaya, from 7.22 mm 
to 18.17 mm per month, followed by Arunachal Pradesh, 
which saw an increase from 2.45  mm to 12.54  mm. 
While, the most notable decreases were in Maharashtra, 
where precipitation dropped from 15.46 mm to 4.54 mm 
per month, and in Haryana, which slight decrease from 
1.17 mm to 1.31 mm per month (Fig. 3).

In 2010, India’s average annual temperature was noted 
at 24.79  °C. The highest temperatures were recorded in 
Andhra Pradesh, reaching 30.64 °C, with Tamil Nadu and 

Fig. 1  State-wise map of malaria cases in different states of India in 2010, 2015, and 2019
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Gujarat following closely at 30.31 °C and 29.85 °C, respec-
tively. On the other hand, the lowest temperatures were 
found in Ladakh at −  8.87  °C, Sikkim at 14.51  °C, and 
Gujarat at 19.23 °C. By 2019, India’s average temperature 
had risen to 26.33 °C. Delhi recorded the highest temper-
atures at 30.96 °C, with Tamil Nadu and Andhra Pradesh 
following closely at 30.87  °C and 30.52  °C, respectively 
(Fig. 4).

The pair-wise correlations among the fixed effects and 
the corresponding VIFs are sufficiently low to conclude 
that multicollinearity is not a concern for this model. The 
AIC and BIC values served as relative indicators of model 
performance, with lower values suggesting a better bal-
ance of complexity and fit. The proximity of AIC and BIC 
values in this analysis implies that the model, despite its 
complexity due to the inclusion of multiple fixed and 
random effects, does not overfit the data. The marginal 
R-squared value of 0.367 indicates that approximately 
36.7% of the variance in ‘ASIR integer’ is explained by the 
fixed effects (‘Temperature Deviation’, ‘Normalized Pre-
cipitation’, and ‘HDI’) alone. The conditional R-squared, 
which is nearly 1, reveals that almost all the variability in 
`ASIR Integer` is accounted for when incorporating both 

fixed effects and random effects (`States` and `Year`). 
This exceptionally high conditional R-squared value is 
characteristic of models with substantial random effects 
components, demonstrating that the model is highly 
effective in capturing the complex data structure by inte-
grating both observed predictors and unobserved hetero-
geneity (random effects).

Marginal R2 (R2m) for fixed effects: 0.367 (variance 
explained by fixed effects only)
The model coefficients (Table  1) clearly illustrate the 
direct and multiplicative impacts of temperature devia-
tions, precipitation changes, and HDI on malaria inci-
dence rates. The results highlight the complex interplay 
of climatic factors and human development in managing 
and predicting Age-Specific Incidence Rate of malaria in 
different states of India.

The Table  1 shows each one-degree Celsius devia-
tion from the baseline temperature of 28  °C, the ASIR 
of malaria is multiplied by approximately 1.647. This 
indicates a 64.7% increase in Age Specific Incidence of 
malaria per degree Celsius increase in temperature devia-
tion, highlighting a substantial sensitivity to temperature 

Fig. 2  State-wisemap of malaria ASIR in different states of India in 2010, 2015, and 2019
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changes. The Table 1 also indicates for each one standard 
deviation increase in normalized precipitation, the ASIR 
of malaria is multiplied by approximately 1.0185. This 
reflects an 1.85% increase in Age Specific Incidence of 
malaria per standard deviation increase in precipitation. 
Although the percentage increase is smaller compared 
to temperature, it still signifies a statistically significant 
positive relationship between increased precipitation 
and higher malaria transmission. The Table  1 illustrates 
for each unit increase in the HDI, the ASIR of malaria 
is multiplied by approximately 28.02. This dramatic 
increase suggests a strong positive association between 
HDI and reported malaria incidence, possibly reflect-
ing better detection and reporting capabilities in regions 
with higher development indices.

The state-specific random effect values (SD: 4.2504) 
indicate substantial variability in malaria incidence 
across different states that are not captured by the fixed 
effects (Table  2). The high standard deviation relative 
to the mean incidence suggests significant disparities in 
malaria prevalence among states, possibly due to eco-
logical, demographic, or health infrastructure differences 

which could not be captured by the Temperature, Pre-
cipitation and HDI only. The year-specific random effect 
(SD: 0.57) reflects annual variability in malaria inci-
dence which affects all states but may vary year to year, 
potentially influenced by overarching climate trends, 
national malaria control policies, or other nationwide 
health interventions. Hence, it could be found that each 
factor contributes distinctly to shaping malaria dynam-
ics, underscoring the need for integrated and adaptable 
public health strategies that consider environmental and 
socio-economic developments.

Further analysis of the state-specific random effects 
(Fig. 5) indicates how much higher or lower the log of the 
Age-Specific Incidence Rate (ASIR) of malaria is in each 
state compared to the overall average (intercept), after 
adjusting for the effects of temperature deviation, nor-
malized precipitation, and Human Development Index 
(HDI). A positive random effect for a state suggests that 
the ASIR of malaria is higher than the average predicted 
by the fixed effects alone. For instance, Chhattisgarh has 
a random effect of 3.28, indicating a significantly higher 
ASIR compared to the overall model intercept. This could 

Fig. 3  State-wise Annual Average Precipitation in India from 2010 to 2019 and Changes Over the Decade
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be due to factors not captured by the fixed effects such 
as local ecological or socioeconomic conditions, or state-
specific public health deficiencies or challenges. A nega-
tive random effect implies a lower ASIR of malaria than 
the average. Himachal Pradesh and Sikkim, with random 
effects of -6.93 and -8.24, respectively, have much lower 
ASIRs compared to what would be predicted by the fixed 
effects alone. This could reflect more effective malaria 
control measures, less suitable ecological conditions 

for mosquito breeding, or underreporting of cases. The 
extremely negative value for Ladakh (−  20.59) suggests 
a substantially lower incidence rate, likely due to its geo-
graphic and climatic conditions (other than temperature 
and precipitation) which are not conducive to mosquito 
breeding.

Similarly, the analysis of year-specific random effects 
shows the deviation in log ASIR of malaria from the 
overall average in specific years. For the year 2010 (0.64), 

Fig. 4  State wise Annual Average Temperature in India from 2010 to 2019, and their change between 2010 and 2019

Table 1  Fixed effects results with 95% confidence intervals

Variable Coefficient 95% CI Exp
(Coeff.)

Std. Error z-value p-value % Change

Intercept 2.39258 (0.850, 3.935) – 0.78533 3.047 0.002314 –

Temperature
deviation

0.49932 (0.488, 0.511) 1.647 0.00561 89  < 2e−16  + 64.7% per °C increase

Normalized precipitation 0.01838 (0.008, 0.029) 1.0185 0.00516 3.562 0.000369  + 1.85% per SD increase

HDI 3.33401 (2.911, 3.757) 28.02 0.2151 15.5  < 2e−16  + 2702% per unit increase
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the positive effect indicates that the incidence rate was 
higher than average in 2010, possibly due to less effective 
malaria control measures in place or a particularly warm 
and wet year conducive to mosquito breeding. For the 
other two years, 2015 (− 0.11) and 2019 (− 0.53), the neg-
ative effects suggest lower than average incidence rates, 
which could be attributed to improved malaria interven-
tions, changes in environmental factors (other than the 
factors of Temperature and Precipitation), or other pub-
lic health improvements over time which could not be 
captured by HDI alone.

The above results suggest that higher deviations from 
the baseline temperature and increased precipitation are 
associated with higher malaria incidence rates, controlled 

for HDI and spatial–temporal variability. The HDI’s 
strong positive effect implies that regions with better 
human development metrics experience higher malaria 
incidence, potentially reflecting greater reporting accu-
racy or other socio-economic factors influencing disease 
prevalence. The analysis highlights the complex interplay 
of environmental and socio-economic factors in the epi-
demiology of malaria across different geographical and 
temporal scales in India.

Discussion
The climatic heterogeneity across India, especially nota-
ble between the northern plains and southern peninsular 
regions, affects malaria transmission cycles and interven-
tion success. Adaptive policies that incorporate climate 
change projections and their impact on vector ecology 
could be crucial in future malaria control and elimina-
tion efforts. For instance, increasing temperatures might 
expand the geographical range of certain vectors, neces-
sitating expanded surveillance and control areas.

The intricate interplay of ecological, climatic, and soci-
oeconomic factors delineates the complex landscape of 
malaria transmission across India, particularly in states 
like Odisha, Jharkhand, Madhya Pradesh, Chhattisgarh, 
and Maharashtra [40, 41]. The findings from the model, 
supported by empirical evidence from recent studies, 
highlight the pivotal roles of temperature, precipitation, 

Table 2  Random effects results with 95% confidence intervals

AIC: 27,715.8; BIC: 27,732.0

Conditional R2 (R2c): 0.99 (Variance explained by full model)

Effect Variance Std. Dev Random effects

States 18.0661 4.2504 Most positive: 
Jharkhand (+ 3.96), 
Most negative: 
Ladakh (− 20.60)

Year 0.3254 0.5704 Most positive: 2010 
(+ 0.643), Most nega‑
tive: 2019 (− 0.533)

Fig. 5  State-specific random effects adjusted for 3 fixed effects
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and human development in influencing malaria dynam-
ics. These elements, combined with state-specific char-
acteristics such as topography and local vector species, 
necessitate tailored public health interventions that are 
responsive to these diverse conditions [40].

The states of Odisha, Jharkhand, Madhya Pradesh, 
Chhattisgarh, and Maharashtra collectively bear a sig-
nificant burden of India’s malaria cases. These regions 
are characterized by diverse ecological conditions that 
inherently support the breeding of malaria vectors. Tem-
perature deviations from the optimal mosquito breeding 
range (around 28 °C) and increased precipitation are sig-
nificant drivers of malaria transmission. Elevated temper-
atures are known to expedite the mosquito maturation 
process and the malaria parasite’s development period, 
thereby increasing transmission rates, particularly noted 
in Chhattisgarh and Jharkhand. Similarly, heavy mon-
soon rains in Maharashtra and Odisha enhance mosquito 
breeding opportunities by creating extensive standing 
water, thus complicating vector control efforts [41].

Furthermore, the influence of altitude on malaria prev-
alence is particularly pronounced in the Western Ghats 
regions affecting Maharashtra and Madhya Pradesh, 
where higher elevations are associated with reduced 
vector density and lower transmission rates [42]. These 
findings align with the model’s predictions that climatic 
factors such as temperature and precipitation, which 
protect and preserve dense forest covers, critically influ-
ence malaria dynamics across these ecologically diverse 
settings.

The relationship between socioeconomic factors, par-
ticularly the Human Development Index (HDI), and 
malaria incidence is complex and multifaceted. Higher 
HDI unexpectedly correlates with increased malaria inci-
dence, likely reflecting better disease surveillance and 
reporting capabilities in more developed areas such as 
urban centers in Maharashtra and Madhya Pradesh. It 
was found that urbanization affects malaria transmission 
dynamics. An Ahmedabad based study highlighted that 
in densely populated urban areas like Ahmedabad, where 
poverty and population density intersect with climatic 
variables, there is a structurally higher risk of malaria. 
This study provided insights into how urban environ-
ments facilitate the breeding of malaria vectors such as 
Anopheles stephensi and emphasized the role of socio-
economic factors like population density and poverty in 
urban malaria risk [43]. Conversely, the tribal and remote 
areas of Jharkhand and Chhattisgarh, despite their lower 
HDI, report high malaria incidence due to limited access 
to healthcare and other essential services. The associa-
tion between higher HDI and increased reported cases 
of malaria paradoxically points to both the success in 
and the need for improving surveillance and healthcare 

responsiveness. More developed regions, often charac-
terized by better healthcare facilities and reporting sys-
tems, reveal higher incidences of malaria, potentially 
reflecting more accurate data capture rather than higher 
transmission rates per se. This underscores the impor-
tance of enhancing health system capabilities in lower 
HDI regions, where underreporting and inadequate 
health infrastructure obscure the true burden of malaria 
and impede effective response strategies. The intra-state 
disparities in HDI within these states underscore the ine-
quality in health resource distribution, impacting the effi-
cacy of malaria control measures. These disparities are 
stark in tribal and rural areas, which are frequently over-
looked in public health planning and resource allocation.

The significant regional variability in malaria incidence 
can also be attributed to the movement of populations 
across regions with varying endemicities, particularly 
from high to low transmission areas. It specifically men-
tions migrant workers who move between states, carry-
ing the malaria parasite across geographical boundaries 
[42]. This mobility complicates the control of malaria as 
it contributes to the spread of the disease from low SDI 
high endemic states like Jharkhand and Chhattisgarh to 
high SDI states like Maharashtra, Gujarat, etc. Hence 
multilevel demographic events like population density, 
urbanization, and migration, in combination with eco-
logical conditions, and climatic factors, underscore the 
necessity for localized malaria control strategies. States 
with high forest cover and tribal populations, such as 
Jharkhand and Chhattisgarh, require strategies that 
address the specific challenges posed by these environ-
ments, including the implementation of community-
based vector control initiatives and the enhancement of 
local healthcare infrastructures. Similarly, urban areas in 
Maharashtra and Madhya Pradesh, affected by different 
vectors and higher population densities, might benefit 
from urban-specific health interventions and sanitation 
improvements to control vector populations.

Given the significant variability in malaria incidence 
driven by ecological and socioeconomic factors, targeted 
policy interventions are essential:

Targeted vector control and environmental manage-
ment: Adapting vector control strategies to local cli-
matic conditions can significantly enhance intervention 
effectiveness. This approach should integrate biological 
control measures and habitat manipulation, especially in 
areas prone to flooding or dense vegetation [41].

Infrastructure improvement and resource alloca-
tion: There is a critical need to strengthen healthcare 
infrastructure in low HDI regions and ensure equita-
ble resource distribution. Enhancing medical facilities, 
improving diagnostic capabilities, and ensuring the 
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availability of malaria prophylaxis are pivotal strategies 
[42].

Community-based interventions and education: 
Community-driven health education programmes that 
enhance preventive measures and promote better treat-
ment-seeking behaviors can empower populations, par-
ticularly in rural and tribal areas [42].

Comprehensive surveillance systems: The develop-
ment of robust surveillance systems that utilize both 
traditional reporting methods and modern technolo-
gies like geographic information systems (GIS) will 
facilitate timely and effective responses to malaria out-
breaks and assist in strategic planning [42].

Intersectoral and interdisciplinary approaches: 
Encouraging collaboration across sectors such as water 
management, urban planning, and education, and inte-
grating research findings into public health strategies 
can comprehensively address the socio-environmental 
determinants of malaria [43].

Conclusion
The complex interplay of ecological, climatic, and 
socioeconomic factors shapes the malaria landscape 
in India. Supported by empirical research, empirical 
research supports the model, highlighting the need 
for region-specific malaria control strategies that are 
responsive to local variations. India’s ambitious goal 
to eliminate malaria by 2027, which aligns with global 
targets but requires intensified efforts, particularly in 
high-burden states. Enhanced surveillance, community 
engagement, and state-specific interventions are cru-
cial for effectively reducing malaria incidence. Moreo-
ver, national policies must strive to bridge healthcare 
disparities to achieve equitable health outcomes across 
all states. By addressing both immediate and systemic 
factors contributing to malaria transmission, India can 
progress significantly toward its goal of malaria elimi-
nation, ensuring a healthier, more equitable future for 
all residents.
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