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Abstract 

Anemia, particularly iron deficiency anemia (IDA), is a critical public health issue in Northeast India, a region 

comprising eight states with unique geographical and socio-economic traits. To analyze the spatial 

distribution and factors influencing anemia among women of reproductive age in the districts of northeastern 

India. Descriptive statistics assessed independent variables' distribution. Spatial patterns of anemia were 

analyzed using Moran’s I, LISA, and a LISA cluster map. Spatial Lag Model (SLM) and spatial regression 

models identified regional factors influencing anemia in women. The analysis reveals significant variability in 

anemia prevalence among women in Northeast India, influenced by socio-demographic factors and dietary 

habits. Higher anemia risk is linked to being Hindu, poorer, uneducated, or widowed/divorced/separated. 

Regular vegetable consumption reduces anemia rates, while high fried food intake increases them. High 

anemia rates are found in 35 districts, notably in Assam, Tripura, parts of Arunachal Pradesh, and small areas 

of Meghalaya. Clusters of high prevalence are present in 24 districts, including Assam and Tripura, with 22 

districts showing slightly elevated rates at a 0.05 significance level. The research highlights regional 

disparities in anemia prevalence across Northeast India, identifying distinct clusters with high and low rates. 

It underscores the importance of region-specific strategies to address these variations effectively. By 

pinpointing critical areas and examining the key factors driving elevated anemia rates, the study lays the 

foundation for targeted interventions aimed at enhancing women's health outcomes in the region. 

* Corresponding Author: Ruma Talukdar  rumatalukdar@cottonuniversity.ac.in 
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Introduction 

Anemia, as defined by the World Health 

Organization (WHO), is a condition characterized by 

a deficiency of healthy red blood cells or hemoglobin 

in the blood, resulting in fatigue, weakness, 

tiredness, pale skin, irregular heartbeat, shortness of 

breath, chest pain, dizziness, and ringing in ears 

(Mantadakis et al., 2020; Safiri et al., 2021; Karami 

et al., 2022; Ali et al., 2020; Owais et al., 2021; 

Bathla and Arora, 2022). About one-third of the 

world's population is affected, with at least one-third 

of the estimated 2 billion people experiencing iron-

deficiency anemia (IDA). It is the most common type 

of anemia and is estimated to be responsible for half 

of all anemia cases (Noreen et al., 2020; Alkdede et 

al., 2020). Anemia is a widespread public health 

issue impacting individuals across all demographics 

globally, leading to severe health complications such 

as postpartum hemorrhage, maternal deaths, 

perinatal and neonatal mortality, low birth weight, 

poor cognitive development in children, and an 

increased risk of chronic diseases in adults 

(Bogdanova et al., 2020; Thiagarajan et al., 2021; 

Addo et al., 2021; Balarajan et al., 2013). 

 

Anemia is particularly prevalent in low- and middle-

income countries (LMICs), where it is the most 

common micronutrient and nutritional deficiency, 

primarily caused by insufficient intake of iron, 

protein, and folic acid. Among all age groups, 

women of reproductive age are especially vulnerable 

to anemia due to the loss of iron through 

menstruation and increased need for iron during 

pregnancy. Its adverse effect on maternal and child 

health is widespread, affecting women from poor 

and developing countries (Sharif et al., 2023; 

Chaudhary et al., 2022; Ghosh et al., 2020). Nearly 

50% of the population in developing regions suffers 

from nutritional anemia, with a higher prevalence 

among females (64.6%) compared to males (33.3%) 

(Bathla and Arora, 2022; Ismail et al., 2017; Bhadra 

and Deb, 2020). Globally, pregnant women have the 

highest prevalence of anemia at 41.8%, followed by 

nonpregnant, non-lactating women at 35.1% 

(Osborn et al., 2021).  

In India, anemia is a significant health problem, 

particularly affecting women of reproductive age (15-

49 years). There are approximately 600 million 

women in this age group worldwide, representing 

16% of the global population. In India, about 54.5% of 

women have experienced anemia over the past 25 

years. Adolescent girls and women of childbearing 

age, especially during pregnancy, are most affected, 

with an estimated 270 to 338 million women 

suffering from anemia (Sharif et al., 2023; Sinha et 

al., 2021). The National Family Health Survey-4 

(2015-2016) reported a prevalence of 44.6% among 

women aged 15-49 years, which increased to 50.3% 

according to the National Family Health Survey-5 

(2019-2020) (Osborn et al., 2021; Mog and Ghosh, 

2021; Sappani et al., 2023; Maji et al., 2023; Let et 

al., 2024; Chakrabarty et al., 2023). Anemia is often 

regarded as a "female disease" and poses significant 

health concerns for women in India, especially among 

adolescent girls (Mahanta et al., 2015). 

 

The northeastern region of India, comprising eight 

states—Assam, Arunachal Pradesh, Manipur, 

Meghalaya, Mizoram, Nagaland, Sikkim, and 

Tripura—has distinct geographical and socio-

economic characteristics, different from the rest of 

India. Anemia is a significant health concern in this 

region, particularly among women, and the high 

prevalence of iron deficiency anemia (IDA) is believed 

to be linked to distinct dietary patterns that differ 

considerably from the other parts of the country 

(Bathla and Arora, 2022; Chakrabarty et al., 2023; 

Kumar et al., 2022; Alarcon Basurto, 2020; Hess et 

al., 2023). Approximately 54.9% of women in the 

northeastern states are anemic, with nearly two out of 

every five women suffering from mild anemia (Ghosh 

et al., 2021; Ragunanthanan et al., 2023; Omkar, 

2020; Dasgupta et al., 2016).  

 

Despite the recognition of anemia as a significant 

health issue, efforts to address the problem have been 

inadequate. While numerous studies have explored 

the prevalence and contributing factors of nutritional 

anemia, there has been insufficient investigation into 

the specific causes of its high occurrence among the 
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reproductive population in Northeast India. 

Additionally, the geographical variability of anemia 

prevalence in this region has not been thoroughly 

examined. This study aims to analyze the spatial 

distribution and factors influencing anemia among 

women of reproductive age in the districts of the 

northeastern states of India. 

 

Materials and methods 

Data source 

This study has utilised data from the fifth round of 

the National Family Health Survey (NFHS-5) 

conducted in 2019–20 in India. This nationally 

representative cross-sectional survey was overseen by 

the Ministry of Health and Family Welfare, 

Government of India, in collaboration with the 

International Institute for Population Sciences (IIPS) 

serving as the central agency (International Institute 

for Population Sciences, 2018), covered all 28 states, 

8 union territories and 707 districts. The survey 

aimed to offer both national and sub-national level 

estimates pertaining to population, health, 

nutrition, and various demographic indicators. As 

the data used in this study is openly accessible 

through a public repository, ethical clearance was 

not required for its utilization. After excluding 

women with missing data, the final analytical 

sample comprises of 100,435 aged 15-49 across the 

northeastern 104 districts and 8 states. 

 

Outcome variable 

For the study, a dichotomous variable was formed by 

categorizing all women of reproductive age group (15-

49) into ‘anemic’ and non-anemic’ with code ‘1’ and 

‘0’ respectively. 

 

Predictor variable 

After extensive literature review, explanatory variables 

were identified, including socio-economic factors like 

women's educational level, religion, wealth status, and 

the number of children ever born. Marital status is 

considered under demographic factors. Dietary factors 

involved the frequency of intake of various nutritional 

foods such as vegetables, fried foods, as well as the 

consumption of milk or curd. 

Statistical analysis 

Specification of regression models 

Descriptive statistics provide insights into the 

distribution and variability of the independent 

variables within the dataset. Grasping these statistics 

is essential for evaluating the distribution and 

variability of these independent variables. Spatial 

patterns and clustering of anemic women were 

analyzed using Moran’s I, the univariate local 

indicator of spatial association (LISA), and a LISA 

cluster map. To quantify spatial proximity between 

each possible pair of observational entities in the 

dataset, a spatial weight matrix (w) of order 1 was 

created using the Queen’s contiguity method (Getis 

and Ord, 1992; Anselin and Rey, 2010). Global 

measures, such as the Global Moran's I index, were 

employed to estimate spatial autocorrelation across 

the entire study area. This index is commonly used to 

assess spatial patterns and clustering within data and 

to determine their statistical significance. This 

assessment is typically carried out using the following 

formula:  

 

(i) Global Moran’s I = �

�������	

���	��	
����
���	��
�

��
����
��
 

 

Here in (i), � represents the number of observations, 

�� and ��denote the values of the variable being 

studied at locations � and �, respectively, �̅ is the mean 

of the variable, and ���  represents spatial weights 

between locations � and j. 

 

Moran’s, I range from -1 (perfect dispersion) to 1 

(perfect clustering). A positive Moran’s I value 

signifies positive spatial autocorrelation, indicating 

that similar attribute values are clustered together 

on the map, while negative values imply dissimilar 

values clustering together. A value close to zero 

suggests no significant spatial autocorrelation, 

indicating a random or uniform distribution of 

values across the study area (Getis and Ord, 1992; 

Anselin, 1995).  

 

Global measures like Moran’s I indicates clustering 

but don't specify cluster locations on a map. For this, 
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Local Indicators of Spatial Association (LISA), such as 

"Local" Moran’s I, are used, known as cluster and 

outlier analysis (Getis and Ord, 1992). Univariate 

LISA measures the correlation of neighbourhood 

values around a specific spatial location. It 

determines the extent of spatial randomness and 

clustering present in the data (Cliff and Ord, 1970; 

Anselin, 1995; Clark and Evans, 1954). 

 

Four types of spatial autocorrelation were generated: 

1. Hot spots: Areas with high values surrounded by 

high-value neighbours (High-High). 

2. Cold spots: Areas with low values surrounded by 

low-value neighbours (Low-Low). 

3. Spatial outliers: High-prevalence surrounded by 

low-prevalence neighbours (High-Low). 

4. Spatial outliers: Low-prevalence surrounded by 

high-prevalence neighbours (Low-High). 

 

Global spatial regression model 

The Spatial Lag Model (SLM) is an extension of 

Ordinary Least Squares (OLS) regression. by 

including a spatially lagged variable (spatial lag term) 

alongside existing independent variables. This 

spatially lagged variable is computed from the 

dependent variable, representing the weighted sum of 

neighbouring values for each location. By 

incorporating this term, the SLM accounts for spatial 

autocorrelation (SA) in the dependent variable, 

providing a more accurate analysis. The spatially 

lagged variable is calculated from the dependent 

variable and reflects the weighted sum of 

neighbouring values of the dependent variable for 

each location within its neighbourhood. This model 

controls for SA in the dependent variable. This model 

can be expressed as: 

 

(ii) � = ��� � �� �   

 

Where in (ii), y is the dependent variable (anaemia 

prevalence), Wy is the spatial lag term (spatially 

lagged anaemia prevalence), p is the coefficient 

associated with spatially lagged variable, X is the 

independent variable(s), b is the coefficient associated 

with X, and   represents the error term in the model.  

Spatial regression modelling framework and model 

calibration 

Our suggested spatial modelling framework for 

examining the prevalence of anemic women in 

Northeast India, integrating spatial autocorrelation 

and spatial heterogeneity, is depicted in Fig. 1. This 

framework was developed with the help of previous 

literature (Anselin, 2005; Comber et al., 2023; Chien 

et al., 2020). 

 

Fig. 1. Spatial regression modelling framework 

 

For all spatial regression analysis, the OLS model is 

the appropriate starting point. In the first step of this 

study, we developed an OLS model. The OLS model is 

a global non-spatial model. This model is not 

appropriate if the residuals of the model are spatially 

correlated (spatial autocorrelation) or spatially 

heterogeneous (spatial non-stationarity) (Huang et 

al., 2018).  

 

After developing the OLS model, we used Moran’s I 

tool to assess the presence of spatial 

autocorrelation in the residuals. To examine 

geographical clustering of anemic women 

outcomes, univariate local Moran’s I and Local 

indicator of Spatial Association (LISA) cluster 

maps were created. We created the spatial weight 

matrix (w) of order one using the Queen’s 

contiguity method (neighbours sharing a common 

boundary of non-zero length) to quantify the 

spatial proximity between each possible pair of 

observational entities (Anselin, 1995; Clark and 

Evans, 1954). A significant Moran’s I value 

indicates the presence of spatial autocorrelation, 
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which emphasizes the need to develop global 

spatial regression models such as SLM and SEM 

(Cliff and Ord, 1970; Comber et al., 2023). 

 

To determine the preferable modelling approach 

between SLM and SEM, it's crucial to examine the 

outcomes of the Lagrange Multiplier (LM)-lag and 

Lagrange Multiplier (LM)-error tests (Anselin, 2005). 

If LM-lag yields a significant result while LM-error 

does not, developing the SLM model would be 

appropriate. Conversely, if LM-error is significant 

while LM-lag is not, the SEM model should be 

pursued. In cases where both LM-lag and LM-error 

are significant, further examination of Robust LM-lag 

and Robust LM-error results are necessary. If Robust 

LM-error is significant while Robust LM-lag is not, 

the SEM model is preferable. Conversely, if Robust 

LM-lag is significant while Robust LM-error is not, 

the SLM model is favourable. In instances where both 

Robust LM-lag and Robust LM-error are significant, 

the model with the lower p-value should be selected 

(Anselin, 2005). 

 

To identify potential regional factors associated with 

anemia in women, a spatial regression analysis was 

conducted. This analysis included the use of both an 

Ordinary Least Squares (OLS) model and a Spatial 

Error Model (SEM). 

 

Software used  

Non-spatial analysis was conducted using the trial 

version of Statistical Package for Social Sciences 

(SPSS) software v. 26; (IBM Inc, Chicago, IL), while 

spatial analysis was carried out using trial versions of 

ArcGIS 10.7 and GeoDa 1.20. 

 

Results 

Descriptive statistics 

Descriptive statistics of all the dependent and 

independent variables are presented in this Table 1. 

On average, 49.2% of women is affected by anemia, 

indicating a notable public health issue. The wide 

range (14.9% to 81.5%) and high standard deviation 

(16.9%) suggest significant variability in anemia 

prevalence among different districts of Northeast 

India, emphasizing the necessity for focused 

interventions. About 36.9% of the population 

identifies as Hindu on average, but this varies greatly 

(SD of 34.1%), with some districts having no Hindus 

and others having almost the entire population 

identifying as Hindu (0% to 99%). This highlights the 

diverse religious composition and regional differences 

within the districts. Economic disparities are evident, 

with an average of 27.5% of women classified as the 

poorest, exhibiting notable variability (SD of 15.0%) 

across different districts of Northeast India. Similarly, 

educational attainment varies widely, with an average 

of 15.5% of the population having no formal education 

and substantial differences (SD of 8.2%) ranging from 

0.2% to 40.9%, reflecting differing levels of access to 

education across districts. Approximately 4.9% of 

women are widowed, divorced, or separated, with 

relatively low variability (SD of 2.3%) but noticeable 

differences (1.7% to 15.1%) among districts. Family 

size also varies, with an average of 14.0% of women 

having four or more children, indicating moderate 

variability (SD of 7.8%) across different districts 

within the region. Dietary habits show significant 

diversity, with 11.1% of the population never 

consuming milk on average and 56.6% consuming 

vegetables daily, reflecting notable variability 

influenced by cultural, economic, or regional factors. 

Approximately 31.4% of the population consumes 

fried food daily, with wide variability (SD of 22.3%, 

range: 0.5% to 92.9%) possibly reflecting cultural 

preferences and socioeconomic factors. 

 

Overall, the high prevalence of anemia and significant 

dietary disparities underscore potential nutritional 

and health challenges among the reproductive women 

of Northeast India. Meanwhile, the diversity in socio-

economic factors and demographic characteristics 

underscores the intricate social dynamics and 

regional variations evident within the population. 

 

SLM 

This table presents the parameter estimation results 

for the "Anemic women" variable, indicating the 

coefficients' values and their associated p-values 

(Table 2). 
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Table 1. Descriptive statistics of variables, NE India, 2019-21 

Variables Mean (%) SD (%) Minimum (%) Maximum (%) 

Anemia prevalence (%) 49.2 16.9 14.9 81.5 

Hindu  36.9 34.1 0 99 
Poorest 27.5 15.0 1 54.5 
No education 15.5 8.2 0.2 40.9 

Widowed/Divorce/Separated 4.9 2.3 1.7 15.1 
Four or more children 14.0 7.8 2.6 42.4 

Never milk 11.1 9.4 0.3 44.9 
Daily vegetable 56.6 16.0 13.1 86.9 

Daily fried food 31.4 22.3 0.5 92.9 

SD: Standard deviation 

 

Table 2. Estimation of parameters for women with anemia 

Variable Anemic women 
Fixed part Coefficient P-value 

Constant 21.5102 0.00052* 
Hindu 0.181699 0.00000* 

Poorest 0.235407 0.00733* 
No education 0.261896 0.01655* 
Widowed/Divorce/Separated 1.15222 0.03090* 

Four or more children -0.262124 0.20801 
Never milk -0.145676 0.18817 

Daily vegetable -0.16824 0.00741* 
Daily fried food 0.11709 0.00855* 

Lag coefficient (Rho) 0.322109 0.00003 
R2 0.789806  

Log likelihood   -361.204  
AIC 742.408  

*Significant at 5% level, AIC: Akaike Information Criterion 

 

Fixed part 

Constant 

The intercept term has a coefficient of 21.5102, with a 

highly significant p-value of 0.00052. This indicates 

that when all other variables are zero, the expected 

value of anemia among women is 21.5102 

(coefficient). 

 

The variables "Hindu," "Poorest socioeconomic 

status," "No education," and 

"Widowed/Divorced/Separated" exhibit positive 

coefficients with extremely low p-values, indicating 

their significant association with anemia among 

women. Being Hindu is associated with a higher 

likelihood of anemia prevalence, supported by a 

coefficient of 0.181699 and an extremely low p-value 

of 0.00000. Similarly, belonging to the poorest 

socioeconomic category poses an elevated risk of 

anemia, with a coefficient of 0.235407 and a 

significant p-value of 0.00733. Lack of education is 

linked to a higher likelihood of anemia, as indicated 

by a coefficient of 0.261896 and a significant p-value 

of 0.01655. Additionally, being widowed, divorced, or 

separated is strongly associated with anemia 

prevalence, with a coefficient of 1.15222 and a 

significant p-value of 0.03090. Overall, factors such 

as religious affiliation, socioeconomic status, 

educational attainment, and marital status serve as 

significant predictors of increased anemia prevalence 

among women. 

 

The variables "Four or more children" and "Never 

milk" have coefficients with p-values higher than the 

typical significance level of 0.05, suggesting they may 

not be significantly associated with anemia among 

women. The coefficient for "Four or more children" (-

0.262124) implies a possible negative relationship 

with anemia prevalence, although it does not reach 

statistical significance with a p-value of 0.20801. 

Similarly, the coefficient for "Never milk" (-0.145676) 

suggests a possible negative association with anemia 

prevalence, but it also lacks statistical significance 
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with a p-value of 0.18817. In summary, while there's a 

hint of lower anemia prevalence among women with 

four or more children and those who never consume 

milk, these findings do not reach statistical 

significance based on the provided p-values. 

 

The coefficient for daily vegetable consumption (-

0.16824) suggests that higher intake of vegetables 

daily is correlated with a reduced prevalence of 

anemia among women. 

 

Conversely, the coefficient for daily consumption of 

fried foods (0.11709) indicates that increased intake 

of fried foods is associated with a higher prevalence of 

anemia in women.  

 

Both coefficients have p-values below 0.05, indicating 

statistical significance. In essence, daily vegetable 

consumption and daily fried food consumption 

significantly influence the prevalence of anemia in 

women, with opposing effects. 

 

Overall, the results suggest that variables such as 

being Hindu, belonging to the poorest wealth quintile, 

having no education, being 

widowed/divorced/separated, consuming daily 

vegetables, and avoiding daily fried food are 

significantly associated with anemia among women. 

However, the number of children and milk 

consumption may not have a statistically significant 

relationship with anemia. Additionally, the model 

includes a spatial lag term (Rho) indicating positive 

spatial autocorrelation in the occurrence of anemia 

among women. 

 

Lag coefficient (Rho) 

The lag coefficient (Rho) is 0.322109, indicating a 

positive spatial autocorrelation in the occurrence of 

anemia among women. A positive coefficient implies 

that an increase in the lagged variable is associated 

with an increase in anemia prevalence. The low p-

value (0.00003) suggests that this relationship is 

statistically significant, meaning that changes in the 

lagged variable are related to changes in anemia 

prevalence, as per the model. 

 

Model fit 

R-squared (R2): The model explains approximately 

78.98% of the variance in anemia among women, 

indicating a good fit to the data. 

 

Log likelihood: The log likelihood value is -361.204, 

which measures the goodness of fit of the model. 

Lower values indicate better fit. 

    

Akaike Information Criterion (AIC): The AIC value is 

742.408, which is commonly used for model 

selection. Lower AIC values suggest better models. 

 

Table 3. Spatial dependency tests using the lagrange multiplier diagnostic 

Test Anemic women 

Value Probability 

Moran’s I (error) 3.6741 0.00024* 
Lagrange multiplier (lag) 17.1795 0.00003* 
Robust LM (lag) 9.2888 0.00231* 

Lagrange multiplier (error) 7.9497 0.00481* 
Robust LM (error) 0.0591 0.80800 

Lagrange multiplier (SARMA) 17.2386 0.00018* 

 

LM diagnostic result 

The spatial dependency tests, conducted using the 

Lagrange Multiplier Diagnostic, provide insights into 

spatial autocorrelation in the dataset (Table 3). The 

Moran’s I test revealed significant spatial 

autocorrelation in anemia prevalence, with a test 

statistic of 3.6741 and a p-value of 0.00024, 

indicating clustering tendencies. Both the Lagrange 

Multiplier (lag) and Robust LM (lag) tests confirmed 

spatial autocorrelation in the dependent variable, 

with high test statistics (17.1795 and 9.2888) and very 

low p-values (0.00003 and 0.00231). The Lagrange 

Multiplier (error) test also indicated significant 

spatial autocorrelation in the residuals (test statistic 
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of 7.9497, p-value 0.00481), though the Robust LM 

(error) test did not. The Lagrange Multiplier 

(SARMA) test further confirmed spatial 

autocorrelation in the residuals, with a test statistic of 

17.2386 and a p-value of 0.00018. These results 

emphasize the need to consider spatial effects when 

analyzing anemia prevalence among women. 

 

Spatial clustering 

District-level quantile maps were generated to 

understand the spatial variation of the selected 

anemic women outcomes in the Northeast India. 

 

Fig. 2. Spatial distribution of prevelance of anemic 

women in the districts of Northeast India, NFHS-5, 

(2019-21) 

 

Anemia prevalence among women varies greatly 

across districts. In 35 districts, prevalence ranges 

from 14.91% to 35.86%, including areas of Nagaland, 

Manipur, Arunachal Pradesh, and Mizoram. Another 

34 districts have prevalence rates between 35.89% 

and 61.03%, with higher rates in Sikkim, Meghalaya, 

parts of Arunachal Pradesh and Assam, and some 

regions of Mizoram and Manipur. The most critical 

situation is found in 35 districts, where anemia 

prevalence is between 61.36% and 81.49%, affecting 

the majority of women, particularly in Assam, 

Tripura, parts of Arunachal Pradesh, and parts of 

Meghalaya (Fig. 2). 

 

Moran’s, I value of 0.645 indicates strong positive 

spatial autocorrelation, meaning that similar values—

high or low—tend to cluster together. This significant 

autocorrelation necessitates further spatial analysis 

using techniques like local indicators of spatial 

association (LISA) to identify specific clusters and 

outliers (Fig. 3). 

 

 

Fig. 3. Illustrates the Moran's I value, indicating the 

degree to which similar values are clustered together 

or dispersed across a geographic area 

 

Fig. 4. LISA cluster map showing spatial correlation 

of anemic women in the districts of Northeast India, 

NFHS-5, (2019-21):light grey: not significant (56); 

dark red: high-high (24); dark blue: low-low (23); 

light blue: low-high (0); light red: high-low (0) 

 

The univariate LISA cluster map highlighting 

significant local Moran’s I value, illustrates the spatial 

autocorrelation of anemia prevalence among women 

aged 15-49 in Northeast India's districts. The map 

uses red for "hot spots" (areas with high prevalence), 

blue for "cold spots" (low prevalence), and light 

red/light blue for spatial outliers (Anselin, 1995; 

Clark and Evans, 1954). Anemia prevalence is 

statistically significant in 47 out of 104 districts. In 24 

districts, mainly in Assam, Tripura, and parts of 

Meghalaya, high anemia prevalence clusters together 
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("High-High"). Conversely, 23 districts in Manipur, 

Nagaland, Arunachal Pradesh, and parts of Mizoram 

exhibit low prevalence clusters ("Low-Low"). No 

districts fall into the "Low-High" or "High-Low" 

categories, indicating areas with mixed prevalence. 

These findings underscore the importance of 

addressing spatial trends in anemia prevalence across 

the region (Fig. 4). 

 

Fig. 5. LISA significance map showing spatial 

correlation of anemic women in the districts of India, 

NFHS-5, (2019-21): light grey: not significant (56); 

light green: p = 0.05 (22); green: p = 0.01 (16); dark 

green: p = 0.001 (9) 

 

The LISA significance map classifies anemia prevalence 

among women in Northeast India’s districts into varying 

levels of statistical significance. In 56 districts, the 

prevalence is not statistically significant, suggesting it is 

within an acceptable range. In 22 districts, the 

prevalence reaches a significance level of 0.05, indicating 

moderate concern. These districts are located in parts of 

Arunachal Pradesh, Tripura, Mizoram, Manipur, 

Nagaland, Assam, and Meghalaya. In 16 districts, the 

significance level rises to 0.01, indicating higher 

prevalence, while 9 districts exhibit a significance 

level of 0.001, representing severe anemia in parts of 

Manipur, Nagaland, and Assam. These findings reveal 

substantial variations in anemia prevalence across 

districts, with some areas showing more pronounced 

disparities (Fig. 5). 

 

Discussion 

The findings indicate a significant persistence of 

anemia among women of reproductive age in the 

districts of Northeast India. Variations in anemia 

prevalence rates across these districts underscore the 

pressing need for targeted interventions to tackle this 

public health issue. 

 

Based on the National Family Health Survey-5 

(NFHS5) data, certain districts primarily located in 

Assam, parts of Tripura, and minor sections of 

Meghalaya, identified as "High-High" areas, exhibit 

notably high rates of anemia. These districts are 

spatially clustered, with neighbouring districts also 

showing similarly elevated rates. Previous research 

utilizing NFHS 4 data has revealed spatial 

correlations between anemia and various factors 

across India, including the northeast region. Moran's 

I values indicate significant autocorrelation, 

highlighting hotspots in both Eastern and Western 

India. Northeastern states such as Manipur, 

Meghalaya, Mizoram, Nagaland, and Sikkim 

demonstrate varying rates of anemia, with notable 

disparities observed, particularly in Manipur and 

Nagaland (Sharma et al., 2018). 

 

Likewise, a prior investigation, anemia prevalence 

among women of reproductive age was examined. 

Across both NFHS4 and NFHS5 rounds, the Manipur 

district consistently displayed the highest rates of 

anemia. Conversely, Assam witnessed the most 

significant surge in anemia prevalence (Let et al., 

2024). Over time, Assam has consistently exhibited 

the highest prevalence of anemia among women of 

reproductive age. 

 

Prior studies employing spatial analysis using 

Moran's I statistic have revealed a correlation 

between anemia among women and various factors, 

including wealth, geographic region, demographic 

characteristics, nutritional status, parity, and dietary 

habits. Additionally, factors such as education level 

and wealth status at the district level have been 

associated with anemia among women. Furthermore, 

anemia among women of reproductive age has been 

linked to having three to four children and belonging 

to the economically disadvantaged demographic (Let 

et al., 2024; Sharma et al., 2018). 
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In the Northeast region, Hindu women are at the 

highest risk of anemia, consistent with earlier 

research conducted in India. Areas with a larger 

proportion of Hindu women tend to have a higher 

prevalence of anemia among females (Bharati et al., 

2008; Sharma et al., 2018). Women of reproductive 

age in the northeast region face an increased risk of 

anemia when associated with a lower wealth index or 

categorized as the poorest. Conversely, as the wealth 

index increases, the prevalence of anemia tends to 

decrease. Thus, the level of wealth or standard of 

living emerges as a critical factor in reducing the 

prevalence of anemia among women in India. Low 

socio-economic status and limited access to nutritious 

food are associated with a heightened risk of anemia 

(Sappani et al., 2023; Bharati et al., 2008; Sharma et 

al., 2018). 

 

Additionally, studies indicate that higher levels of 

education are linked to a reduced risk of anemia 

among women, with illiteracy being correlated with a 

higher prevalence of the condition. This connection 

may be attributed to education's role in promoting 

awareness about proper nutrition and dietary habits, 

which are crucial for preventing anemia (Gogoi and 

Prusty, 2013; Sappani et al., 2023; Choudhury and 

Kumar, 2022). In essence, the lack of education 

increases the chances of anemia, while having 

education acts as a shield against it. Educated women 

are notably less likely to experience anemia compared 

to those with less education (Rammohan et al., 2012; 

Sappani et al., 2023; Sharma et al., 2018). 

 

Moreover, the status of being widowed, divorced, 

or separated significantly increases the risk of 

anemia among women, as observed notably in 

northeast India and in studies encompassing 

India's Empowered Action Group (EAG) states 

(Barman, 2024). In our study, the data concerning 

having four or more children did not reveal a 

significant outcome. However, earlier research 

indicated a higher prevalence of anemia among 

women who had given birth to two or more 

children. This pattern might be associated with the 

continuous cycle of childbirth, potentially 

heightening the risk of iron deficiency anemia 

(IDA) among women (Sharif et al., 2023). 

 

Furthermore, our study did not find any statistically 

significant association between consumption of milk 

and prevalence of anemia. However, previous 

research conducted in the Northeast region suggests 

that women who regularly consume milk or curd are 

less likely to experience anemia, consistent with 

findings from studies involving Indian women. This is 

attributed to milk's richness in calcium, which 

facilitates the absorption of iron from other dietary 

sources, potentially aiding in the prevention of 

anemia (Rammohan et al., 2012). 

 

Regarding dietary habits, daily consumption of 

vegetables is associated with a reduced occurrence of 

anemia among women. Iron-rich foods, such as 

pulses and green leafy vegetables, are essential for 

women to include in their diets, as low iron intake is 

recognized as a risk factor for anemia. Vegetarian 

diets are associated with a higher risk of iron 

deficiency anemia. Several studies have indicated that 

vegetarians tend to have lower hemoglobin levels 

compared to non-vegetarians, potentially 

contributing to the development of anemia 

(Rammohan et al., 2012; Mog et al., 2023; Elorinne et 

al., 2016; Li et al., 2000). 

 

Lastly, our study found that daily consumption of 

fried foods is linked to a greater occurrence of anemia 

among women. However, the consumption of fried 

foods by women in the northeast region did not show 

a significant correlation with anemia prevalence, 

which was another conflicting finding. This aligns 

with the results of a prior study conducted in 

Northeast India, which reported similar outcomes 

(Mog et al., 2023). 

 

Conclusion 

This analysis highlights the key predictors of anemia 

among women in Northeast India, including socio-

demographic factors and dietary habits. Women 

identifying as Hindu, those in the poorest 

socioeconomic group, with no education, and widowed, 
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divorced, or separated individuals are more likely to be 

anemic. Daily vegetable consumption reduces anemia 

risk, while frequent fried food consumption increases 

it. However, milk intake and the number of children 

were not statistically significant factors. Spatial 

analysis reveals significant clustering, with "High-

High" areas in districts of Assam, Tripura, parts of 

Arunachal Pradesh, and Meghalaya showing high 

anemia prevalence. Conversely, lower rates are 

observed in districts of Manipur, parts of Nagaland, 

Arunachal Pradesh, and Mizoram. These findings 

demonstrate the variable nature of anemia prevalence 

and the urgent need for targeted public health 

interventions to address disparities, particularly in 

high-risk regions, and to improve overall health 

outcomes for women in the region. 
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