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Abstract: Stratification is a foundational technique in survey sampling, designed 
to enhance the precision of estimates by reducing within-group variability and 
maximizing differences between subgroups. Choosing the right level of 
stratification is essential for obtaining accurate and policy-relevant data in a vast 
and diverse nation like India, where socioeconomic and health status vary 
significantly even within relatively small administrative units called districts. 
National surveys use the typical urban-rural division to solve this, although finer 
segmentation can yield even more precise results, particularly in the more diverse 
rural settings. This study assesses the relative efficiency of two- versus four-
segment stratification frameworks in estimating key health indicators at the 
district-level in India. Using data from a large-scale health survey, four indicators 
child stunting, immunization coverage, four plus antenatal care, and sanitation 
access were analyzed. Results showed that while the two-segment design 
produced better precision in most districts, particularly in the populous states, the 
four-segment approach delivered substantial improvements in specific states and 
for indicators prone to higher sampling variability. These findings emphasize the 
importance of context-specific stratification strategies, balancing operational 
feasibility with statistical precision. The study advocates for adaptive survey 
designs that align stratification choices with local population heterogeneity and 
indicator-specific characteristics to optimize data quality and policy utility. 
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1. Introduction

Over the past few decades, stratification has become a core feature in the sampling design of national and 
subnational surveys, including demographic and health surveys, labor force surveys, and population-based 
assessments of education and other development indicators [1]. In countries like India, characterized by a vast 
heterogeneity in population distribution, socioeconomic structure, and public health access, stratification allows 
survey planners to address the inherent complexity of the sampling frame more effectively [2]. In the design of 
large-scale surveys, especially those related to public health and sociodemographic research, methodological rigor 
plays a central role in ensuring that the estimates generated are both reliable and representative [3]. Among the 
many tools used to enhance the efficiency of survey sampling, stratification stands out as a foundational technique 
that aims to reduce sampling error by organizing the population into more homogeneous subgroups prior to 

https://crossmark.crossref.org/dialog/?doi=10.53941/jmasm.2026.100007&domain=pdf


Jana et al.   J. Mod. Appl. Stat. Methods 2026, 25(1), 7 

https://doi.org/10.53941/jmasm.2026.100007  2 of 16  

selection [4]. The central premise behind stratification is intuitive: if variability within strata is minimized and 
variability between strata maximized, then any given sample drawn from within these strata will yield more precise 
and stable estimates than one drawn without such prior organization [5,6]. 

Survey sampling in large-scale studies is an indispensable tool for generating reliable and actionable 
information on key public health and socioeconomic indicators [7]. In India, with its vast and diverse population, 
the accurate estimation of district-level parameters is critical for designing effective policies and interventions [8]. 
One of the most powerful techniques to enhance the statistical efficiency of such surveys is stratification process 
by which the population is divided into relatively homogeneous subgroups (strata) before sampling. This method 
is designed to reduce the variability of the estimates by ensuring that samples drawn from each subgroup are 
adequately representative of that subgroup’s characteristics [9]. 

In classical sampling theory, stratification is lauded for its ability to decrease sampling error by reducing the 
variance within each stratum relative to the overall population variance. In other words, if the population can be 
divided into groups that are internally similar but distinct from each other, the combination of independent samples 
drawn from each of these groups tend to produce more precise estimates than a simple random sample of the entire 
population. The greater the homogeneity within strata, the greater the potential precision gain [10]. 

Despite its widespread use, stratification employed in large-scale surveys varies considerably in terms of both 
level and form, often dictated by logistical considerations, cost constraints, or institutional legacy. A common 
practice at the district level in India, for example, involves dividing each district into two broad segments urban 
and rural and selecting primary sampling units (PSUs) independently from within each. While this two-segment 
stratification reflects an elementary urban-rural dichotomy, it does not fully account for intra-rural variability, 
which can be substantial, especially in geographically and socioeconomically diverse districts. In India, the 
contrast between sub-regions can sometimes be so sharp that the urban-rural dichotomy fails to capture the true 
variability [11]. In such cases, a more segmented approach can not only yield better statistical estimates but also 
provide insights into localized patterns of development or deprivation that may otherwise be masked under a 
simpler stratification schema. These insights can be vital for district administrators and policymakers who are 
striving to design localized strategies to address issues unique to specific areas within a district [12]. In districts 
with more homogeneous rural populations, however, the additional complexity of a multilevel stratification design 
may not translate into significant gains in precision [13]. This context-dependent variability underscores the need 
for robust empirical evidence to guide decisions on stratification practices. 

Another dimension of this research is the examination of how different indicators may respond to 
stratification. Public health indicators, for example, can vary widely in their prevalence and distribution [2]. Rare 
diseases, which have inherently low prevalence, often generate high standard errors in survey estimates [14]. In 
such cases, even small reductions in variability can lead to statistically significant improvements in precision. On 
the other hand, stratification adjustments might yield only modest gains for common indicators. By analyzing a 
range of indicators, the study aims to provide a comprehensive understanding of where the benefits of granular 
stratification are most pronounced and where they might be marginal [10]. 

The emerging evidence and the growing discourse among sampling methodologists suggest that a more 
refined stratification approach in which the rural segment is further divided into sub-segments based on geography, 
remoteness, development indicators, or other proxies may yield substantial gains in precision. This refined 
approach, often referred to as four-segment stratification, typically involves dividing districts into three rural strata 
and one urban stratum. Each rural stratum may represent different levels of development or distance from urban 
centers, allowing for more nuanced sampling and better representation of rural diversity [15]. 

Using data from a recent large-scale health survey, we replicated the sampling process of the survey under 
both the two-segment and four-segment frameworks. By keeping the overall sample size constant, we isolated the 
effect of the stratification structure on the variability of the estimates. Standard errors were computed for each 
indicator under both approaches, and the relative gain (or loss) in precision was assessed across districts and states [16]. 
The comparison helped identify whether gains in precision were more pronounced for certain types of indicators 
(e.g., rare vs. common events, binary vs. continuous outcomes) and whether the impact of stratification differed 
between states with high vs. low intra-district variability [10,17]. 

Our findings have practical implications for survey planners, statistical agencies, and policymakers. In 
resource-constrained settings, maximizing the precision of the survey estimates without having to proportionally 
increase the sample size is a key objective. If a shift to a more detailed stratification can deliver substantial gains 
in precision, particularly for critical health indicators, then investments in refining the stratification process may 
be well justified. On the other hand, if the gains are marginal or context-dependent, simpler designs may remain 
preferable for cost and feasibility reasons. 
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This study seeks to answer a critical question for survey research in India: Does enhancing the stratification 
of districts from a simple two-segment framework to a more detailed four-segment approach lead to significant 
reductions in standard error? By addressing this question, the research aims to provide valuable insights that can 
inform better survey design, and, ultimately, support more effective policymaking at the district level. The findings 
of this study have the potential to contribute significantly to the literature on survey methodology and offer 
practical guidance for researchers and decision-makers involved in large-scale surveys throughout India. 

In the recent years, a growing body of literature has examined the role of stratification in improving the 
efficiency of estimates derived from complex survey designs. Methodological studies have consistently 
emphasized that the effectiveness of stratification depends on how well strata capture the underlying population 
heterogeneity and how they interact with clustering in multi-stage sampling designs. For instance, K. G. Reddy 
and colleagues demonstrated in their 2018 study that stratification can substantially reduce variance when strata 
are constructed using relevant auxiliary information, whereas it may yield negligible or even adverse effects on 
precision when strata are poorly defined. Similarly, in 2024, G. R. V. Triveni emphasized that increasing the 
number of strata does not automatically improve efficiency, particularly when sample sizes within strata become 
too small to support stable estimation [10,18]. 

Complementing these methodological insights, applied research using large-scale demographic and health 
surveys suggests that whereas the conventional urban-rural stratification captures broad population differences, it 
may not adequately reflect intra-rural heterogeneity. Studies, such as the one by K. McBride and C. Moucheraud 
in 2022, show that finer geographic classifications can reveal important disparities in access to health services that 
are otherwise masked under a simple dichotomous framework. This is particularly relevant in settings where rural 
populations are internally diverse in terms of infrastructure, remoteness, and socioeconomic conditions [13,19,20]. 

Recent empirical and simulation-based studies suggest that the gains from enhanced stratification are context-
dependent and vary across indicators. For example, M. Abbas and colleagues demonstrated in 2025 that stratified 
multi-stage designs improved estimator precision when heterogeneity across subpopulations was substantial, while H. 
Ali highlighted in 2025 that efficiency gains were sensitive to both the distribution of the outcome and the allocation of 
sample sizes across strata. The emerging work on small-area estimation underscores that stratification choices can 
significantly influence the stability of domain-level estimates, particularly in high-variability contexts [21–24]. 

Despite these advances, the existing studies exhibit two important limitations. First, much of the 
methodological literature is based on simulation frameworks, which may not fully capture the operational and 
contextual complexities of large-scale surveys. Second, applied studies often focus on specific indicators or 
geographic settings, with limited attention to systematic comparisons of alternative stratification strategies across 
multiple indicators within a single national context. In particular, there is a lack of empirical evidence at the district 
level for large and heterogeneous countries such as India, where intra-district variability is substantial and policy 
decisions rely heavily on disaggregated estimates. 

This study addresses these gaps by providing a systematic comparison of the conventional two-segment 
(urban-rural) stratification and a more detailed four-segment framework using real survey data from India. By 
examining multiple health and service-related indicators with varying distributional characteristics, the study 
contributes to a more nuanced understanding of when and where finer stratification improves statistical precision 
in large-scale demographic surveys. 

The central objective of the study was to assess the relative gain in standard error that results from 
implementing stratification at the district level in India, with a specific focus on comparing the conventional two-
segment approach (urban vs. rural) with a more detailed four-segment approach (urban plus three rural segments). 
We focused on indicators commonly measured in health and demographic surveys, such as child stunting, full 
immunization coverage, antenatal care (ANC) visits, and access to improved sanitation facilities, to evaluate 
whether finer stratification improves the statistical precision of district-level estimates. Given the critical role that 
standard error plays in determining the reliability of survey findings, even modest improvements in precision can 
lead to better-informed policy decisions, particularly in areas such as public health, education, and infrastructure 
development, where India faces substantial challenges. 

2. Methods 

2.1. Selection of Key Variables 

In order to evaluate the efficacy of stratification techniques in extensive health surveys conducted in India, it 
was crucial and strategically important for us to choose critical measures of public health and social development 
that are frequently monitored in national and subnational surveys [25]. Accordingly, we selected four key 
indicators, namely child stunting, full immunization coverage, antenatal care (ANC) 4+ visits, and access to better 
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sanitation facilities. These indicators reflect different dimensions of health and service access. For example, child 
stunting serves as a long-term marker of nutritional status and early life deprivation; immunization coverage 
represents the performance of routine health services; ANC visits capture maternal healthcare utilization; and 
improved sanitation access sheds light on infrastructure and reveals living condition disparities. These indicators 
differ in prevalence and distribution patterns, with some like stunting being relatively common, while others such 
as full immunization or ANC visits varying significantly between and within districts. This makes them ideal for 
testing whether finer stratification improves the precision of estimates, particularly in heterogeneous settings. By 
analyzing a mix of rare and common indicators, as well as infrastructure and service-use indicators, the study 
ensures a comprehensive evaluation of how stratification impacts survey precision across a variety of health 
outcomes, offering practical insights for optimizing future survey designs in India’s diverse population landscape. 

2.2. Data and Indicators 

The data for this study was derived from the fifth round of the National Family Health Survey (NFHS-5) held 
between 2019 and 2021. The NFHS is the Indian version of the global Demographic and Health Surveys (DHS) 
program. The NFHS-5 was a large-scale survey that provided district-level information on health and sanitation 
indicators. The key indicators selected for the analysis included stunting (proportion of children under five years 
who are stunted), full immunization (percentage of children aged 12–23 months who have received all 
recommended vaccinations, 4+ ANC visits (proportion of pregnant women who have had at least four antenatal 
care visits), and sanitation facilities (percentage of households with access to improved sanitation facilities). 

2.3. Sample Design of the Fifth Round of the National Family Health Survey (NFHS-5) 

The NFHS-5 used a stratified two-stage sampling approach. Stratification was accomplished by dividing each 
district into urban and rural areas, with villages in rural areas and Census Enumeration Blocks (CEBs) in urban 
areas serving as Primary Sampling Units (PSUs) in the initial stage. In rural settings, a second level of stratification 
was used depending on village size (number of households). Implicit stratification at the PSU level was 
accomplished by the use of metrics such as the percentage of the Scheduled Caste (SC)/Scheduled Tribe (ST) 
population and female literacy rates (7+ age group). 

Within each rural stratum (three), villages were selected in the first stage using probability proportional to 
size (PPS) sampling without replacement from the 2011 sampling frame. In the urban areas of each district, implicit 
stratification was carried out by sorting the sampling frame according to the percentage of the SC/ST population, 
after which CEBs were selected using PPS without replacement. A household listing operation was conducted in 
all the selected PSUs prior to the main survey. This operation involved visiting each PSU and listing all residential 
households within it. The resulting list of households served as the sampling frame for selecting households in the 
second stage using systematic sampling. All women aged 15–49 years in the selected households were eligible for 
the interview. 

2.4. Variance Estimation Using Multistage Design 

In large-scale household surveys like the DHS, data is collected using complex sampling designs involving 
stratification, clustering, and unequal probability sampling. To produce valid estimates and accurate standard errors 
that reflect this design, a survey set or survey design declaration is specified before analysis. This involves identifying 
the primary sampling units (PSUs or clusters), sampling strata, and sampling weights for each observation. The survey 
set informs the software to adjust variance estimation using appropriate methods, typically Taylor linearization or 
replication techniques, to account for the design’s effects on sampling error. This ensures that point estimates and 
confidence intervals are unbiased and statistically valid for the population being studied [26–29]. 

Due to the complex sampling design, standard variance formulas (which assume simple random sampling) 
are not appropriate for the DHS data. Therefore, specialized methods described below are used instead [30–32]. 

2.5. Taylor Series Linearization Method 

The most common approach for variance estimation in the DHS is the Taylor series linearization, which 
accounts for clustering, stratification, and unequal selection probabilities. 

For a population parameter estimate 𝜃෠, the variance estimate is: 
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𝑉𝑎𝑟൫𝜃෠൯ = ෎ 1𝑛௛ሺ𝑛௛ − 1ሻு
௛ୀଵ ෍(௡೓

௜ୀଵ 𝑧௛௜ − 𝑧̄௛)ଶ (1)

where: 
• H = number of strata 
• 𝑛௛ = number of PSUs in stratum h 
• 𝑧௛೔   = linearized value corresponding to the estimator of interest for the 𝑖௧௛ PSU in stratum ℎ. The linearized 

variable is derived based on the specific form of the estimator. 
In this study, 𝑧௛௜ was computed separately for each health indicator, that is, full immunization, stunting, 

antenatal care, and sanitation facilities, where the estimator represented the proportion of individuals or households 
with the specified outcome. For example, for full immunization, 𝑧௛௜ corresponded to the linearized form of the 
estimated proportion of children aged 12–23 months who were fully immunized within each PSU. 
• 𝑧௛̅ = mean of the 𝑧௛೔   values in stratum h 
• 𝜃෠ = estimated population parameter (mean or proportion) 

In practice, survey data involves unequal weights, and, therefore, a weighted version of the Taylor 
linearization estimator is applied. This adjusted estimator incorporates sampling weights to ensure unbiased 
population inference. 

When we use survey set in any software, it uses a weighted Taylor linearization, the formula for which is  
as follows: 

𝑉𝑎𝑟௪(𝜃෠) = ෎ 1𝑊௛ଶ
ு
௛ୀଵ ෍𝑤௛௜ଶ௡೓

௜ୀଵ (𝑧௛௜ − 𝑧̄௛)ଶ (2)

where: 
• 𝑤௛௜ = sampling weight 
• 𝑊௛ = total weight within stratum ℎ 
• PSU h୧ = cluster 𝑖 of stratum ℎ 
• 𝑁௛= total PSUs in stratum ℎ 

For ratio estimators, which are frequently used in survey statistics, the variance expression can be derived as 
a special case of the Taylor linearization method, where we define ratio as 𝑅෠, such that:  𝑅෠  = 𝑌𝑋 = 𝑦ത𝑥̅ = 𝛴𝜔௜𝑦௛௜𝛴𝜔௜𝑥௛௜ 

Accordingly, the variance of ratio estimator using linearization [31] 

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒൫𝑅෠൯ = 1𝑥̅ଶ ൣ 𝑠௬ଶ + 𝑅෠ଶ ⋅ 𝑠௫ଶ − 2𝑅෠𝑠௫௬൧ (3)

where: 
• 𝑌 = total of the study variable 
• 𝑋 = total of the auxiliary variable 
• 𝑦௛௜ = value of the study variable for the 𝑖௧௛PSU in stratum ℎ (for example, number of under 5 children who 

are stunted) 
• 𝑥௛௜ = value of the auxiliary variable for the 𝑖௧௛PSU in stratum ℎ (for example, total number of under 5 children) 
• 𝑠௬ଶ = variance of y 
• 𝑠௫ଶ = variance of x 
• 𝑠௫௬ = covariance between x and y 

Equations (1)–(3), shown above, collectively describe the progression from the general variance estimation 
framework to its application in weighted and ratio-based survey estimators. 

In complex survey designs, the finite population correction (fpc) factor is used to adjust variance estimates 
when sampling is conducted without replacement from a finite population. The fpc is defined as: 
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𝑓𝑝𝑐 = 𝑁 − 𝑛𝑁 − 1 (4)

where 𝑁  represents the total population size and 𝑛  denotes the sample size. It reduces the variance when the 
sampling fraction ቀ௡ேቁ  is negligible, reflecting the reduced variability due to sampling without replacement. 

The use of the fpc is generally recommended when the sampling fraction exceeds 5–10%, as ignoring it in 
such cases may lead to overestimation of variance. However, in large-scale surveys such as the NFHS, the 
sampling fraction at the PSU and district levels is typically very small ቀ 𝒏𝑵 ൎ 𝟎ቁ. Under such conditions, the fpc 
approaches 1, and its impact on variance estimation becomes negligible. Therefore, consistent with standard 
practice in large-scale demographic surveys, the fpc was not explicitly applied in the variance estimation as it did 
not affect the results [16]. 

We estimated the variance using the Taylor series and then carried out this procedure 100 times. Point 
estimates were created by averaging the estimations. The standard errors by region were calculated as the square 
root of the sample variance of the 100 estimations. Bootstrapped confidence intervals were calculated using the 
0.025 and 0.975 percentiles across 100 repetitions. 

To quantify uncertainty, bootstrap-based confidence intervals were constructed using repeated resampling as 
follows: Let 𝜃෠(௕)  denote the estimate obtained from the 𝑏௧௛  bootstrap sample, where 𝑏 = 1,2, … ,𝐵, and 𝐵 
represents the total number of bootstrap replications (in this study, 𝐵 = 100) [33–35]. 

2.6. Bootstrap Estimates Set 

Let  denotes the estimates from the bootstrap samples. 
The bootstrap estimate of variance is given by: 

𝑉𝑎𝑟௕௢௢௧൫𝜃෠൯ = 1𝐵 − 1෍൫𝜃෠(௕)−𝜃̄൯ଶ஻
௕ୀଵ  (5)

where: 

• 𝜃̄ = ଵ஻෌ 𝜃෠(௕)஻௕ୀଵ  is the mean of bootstrap estimates 

The 100(1 − 𝛼)% bootstrap confidence interval using the percentile method is defined as: 

𝐶𝐼௕௢௢௧ = ൥𝜃෠ቀఈଶቁ,𝜃෠ቆ1−𝛼2ቇ൩ (6)

where 𝜃෠ቀమഀቁ and 𝜃෠൬1−ఈଶ൰ are the empirical quantiles of the bootstrap distribution. For a 95% confidence interval, 
this corresponds to the 2.5th and 97.5th percentiles of the bootstrap estimates. 

2.7. Stratification Approaches 

The study employed three distinct stratification approaches to assess their impact on the precision of survey 
estimates by comparing the standard errors across each method. First, in the 1× stratification (that is, no 
stratification), data from each district was treated as a single entity, combining urban and rural populations and 
serving as the baseline. The 2× stratification divided each district into urban and rural areas, aiming to capture 
differences in population characteristics and access to services between these two groups, and thus improve 
representativeness and reduce standard error. Finally, the 4× stratification as used in the NFHS-5, introduced a 
more detailed division by further segmenting rural areas within each district into three parts while keeping urban 
areas as one segment. This method sought to account for intra-district variations and assess whether additional 
segmentation in rural areas leads to a more significant reduction in standard error compared to the 2× stratification. 
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2.8. Methodological Flowchart of the Study Design 

Figure 1 presents the overall methodological framework adopted in the study, including the application of 2× 
and 4× stratification approaches, estimation of selected health indicators, variance estimation procedures, and 
comparison of relative standard errors across stratification methods. 

 

Figure 1. Methodological flowchart of the study design. 

2.9. Statistical Analysis 

The study examined the standard errors of the selected indicators under each stratification approach to assess 
the precision of the survey estimates. For each indicator, the average value was calculated at the district level, and 
the corresponding standard error was computed for each stratification method. We used the “svy” command to 
capture the true stratification structure and levels of multi-stage design. 

The “relative gain in standard error” due to 4× stratification compared to 2× stratification was calculated 
using the following formula: 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =  ൬𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑖𝑛 4 ൈ  stratification𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑖𝑛 2 ൈ  stratification൰ (7)

Therefore, 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑔𝑎𝑖𝑛 =  ൬1 − 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑖𝑛 4 ൈ  stratification𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑖𝑛 2 ൈ  stratification൰ ൈ 100 (8)

This formula measures the percentage reduction in variance (or standard error) when moving from 2× 
stratification to 4× stratification. A higher relative gain indicates a greater reduction in standard error, 
demonstrating the benefits of a more detailed segmentation. 

2.10. Comparison of the Stratification Approaches 

A two-segment stratification refers to the conventional division of each district into urban and rural strata, 
consistent with standard practice in large-scale household surveys in India. A four-segment stratification extends 
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this framework by retaining a single urban stratum and subdividing the rural population into three segments 
according to the NFHS classifications used in the sampling frame. 

The present study compared the effectiveness of 2× and 4× stratification in reducing standard error for each 
indicator. The goal was to determine whether the additional complexity introduced by 4× stratification (dividing 
rural areas into three parts) results in more precise estimates than the simpler 2× stratification. 

3. Results 

The analysis was based on four key health and household indicators commonly measured in large-scale 
demographic and health surveys, namely child stunting, full immunization among children aged 12–23 months, four 
or more antenatal care (ANC) visits, and access to improved sanitation facilities. These indicators represent different 
dimensions of population health and service access and vary in their prevalence and distribution across districts. 
Estimates were generated at the district level using a constant sample size under alternative stratification approaches. 
Across indicators, sample coverage was adequate in all districts, though the distribution of observations varied 
between urban and rural areas, reflecting underlying population urbanization level. This variation provided an 
appropriate basis for assessing how different stratification strategies influence the precision of district-level estimates. 

Across the four health indicators, a large number of districts in a number of states, including Uttar Pradesh, 
Madhya Pradesh, Bihar, Haryana, Punjab, Maharashtra, Assam, and West Bengal, showed higher precision (lower 
standard errors) with the 2× stratification approach than the 4x approach. For example, Uttar Pradesh consistently 
had more districts favoring 2× stratification across all indicators, with particularly high counts for stunting (41 districts) 
and vaccination (36 districts). Similarly, Madhya Pradesh and Bihar demonstrated stronger outcomes with 2× 
stratification for stunting and ANC. These findings indicate that in the more populous and diverse states, the 
simpler two-segment stratification (urban-rural) performed better in reducing the standard error under a fixed 
sample size as shown in Table 1. 

Table 1. Distribution of districts with lower relative standard error (classified as better) across 2× and 4× 
stratification approaches for various indicators in different states of India, NFHS-5, 2019–21. 

States 
Stunting Full Immunization Sanitation 4+ ANC Visits 

2× 
Better 

4× 
Better Total 2× 

Better 
4× 

Better Total 2× 
Better 

4× 
Better Total 2× 

Better 
4× 

Better Total 

Jammu & Kashmir 14 6 20 12 7 19 10 10 20 8 12 20 
Himachal Pradesh 6 6 12 5 5 10 5 7 12 7 5 12 

Punjab 17 5 22 12 9 21 14 8 22 13 9 22 
Chandigarh 1 0 1 1 0 1 0 1 1 1 0 1 
Uttarakhand 5 8 13 9 4 13 7 6 13 6 7 13 

Haryana 15 7 22 14 8 22 11 11 22 8 14 22 
NCT of Delhi 10 1 11 10 1 11 3 8 11 10 1 11 

Rajasthan 19 14 33 13 20 33 13 20 33 19 14 33 
Uttar Pradesh 41 34 75 36 39 75 42 33 75 35 40 75 

Bihar 25 13 38 20 18 38 21 17 38 19 19 38 
Sikkim 2 2 4 3 1 4 2 2 4 3 1 4 

Arunachal Pradesh 10 10 20 13 7 20 13 7 20 7 13 20 
Nagaland 4 7 11 7 4 11 8 3 11 4 7 11 
Manipur 6 3 9 7 2 9 2 7 9 7 2 9 
Mizoram 6 2 8 4 4 8 5 3 8 5 3 8 
Tripura 3 5 8 2 6 8 2 6 8 4 4 8 

Meghalaya 4 7 11 6 5 11 6 5 11 6 5 11 
Assam 17 16 33 22 11 33 22 11 33 18 15 33 

West Bengal 12 8 20 11 9 20 11 9 20 9 11 20 
Jharkhand 18 6 24 11 13 24 14 10 24 12 12 24 

Odisha 15 15 30 15 14 29 18 12 30 14 16 30 
Chhattisgarh 16 11 27 14 13 27 12 15 27 19 8 27 

Madhya Pradesh 28 23 51 27 24 51 27 24 51 29 22 51 
Gujarat 16 17 33 20 13 33 17 16 33 18 15 33 

Dadra & Nagar Haveli and Daman & Diu 2 1 3 2 0 2 2 1 3 2 1 3 
Maharashtra 21 15 36 23 13 36 17 19 36 16 20 36 

Andhra Pradesh 6 7 13 8 5 13 9 4 13 8 5 13 
Karnataka 15 15 30 19 10 29 17 13 30 18 12 30 

Goa 1 1 2 0 2 2 2 0 2 1 1 2 
Lakshadweep 1 0 1 0 1 1 1 0 1 1 0 1 

Kerala 8 6 14 10 4 14 11 1 12 7 7 14 
Tamil Nadu 16 16 32 15 16 31 19 13 32 16 16 32 
Puducherry 4 0 4 3 1 4 3 0 3 2 2 4 

Andaman & Nicobar Islands 1 2 3 1 2 3 1 2 3 2 1 3 
Telangana 17 14 31 13 18 31 19 12 31 18 13 31 

Ladakh 0 2 2 2 0 2 2 0 2 1 1 2 
Overall 402 305 707 390 309 699 388 316 704 373 334 707 
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On the other hand, certain states, such as Rajasthan, Gujarat, Tamil Nadu, Telangana, Chhattisgarh, and 
Kerala, performed better under the 4× stratification approach, particularly for specific indicators. For instance, 
Rajasthan had more districts favoring 4× stratification for full immunization, sanitation, and ANC, while Gujarat 
and Telangana showed stronger gains in precision for stunting and vaccination. Even Kerala and Tamil Nadu, 
states known for their strong health systems and lower intra-district heterogeneity, showed performance gains 
under 4× stratification, suggesting that finer stratification may capture nuanced rural differences even in more 
developed regions, as illustrated by the Figure 2a–d. A point to note here that the population size of gram 
panchayats (PSUs) in Kerala is generally much larger than in other states. 

  
a (Stunting) b (Full immunization) 

  
c (4+ ANC visits) d (Access to improved sanitation) 

Figure 2. (a–d): District-wise comparison between 2× and 4× stratification approaches for selected indicators in India. 

In general, the comparison between 2× and 4× stratification revealed that while 2× stratification performed 
better in a larger number of districts overall, the 4× approach offered substantial gains in certain states and for 
certain indicators. This suggests that the effectiveness of a more granular stratification is context-dependent. While 
the simpler 2× method may be more efficient in most settings, the 4× stratification has clear advantages in regions 
where rural heterogeneity is high or where precision in estimating health indicators requires finer segmentation. 
Hence, the decision to adopt a more detailed stratification approach should be informed by the local context and 
the specific indicator of interest. 

Estimated Gain in Relative Standard Error (RSE) by Different Levels of Stratifications across Different Indicators 

The comparison of the relative standard errors (RSE) under two different stratification strategies (2× vs. 4×) 
provided important insights into the efficiency of sample design across different indicators. When examining child 
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health indicators such as stunting and full immunization, a clear pattern emerged. Districts with relatively high 
levels of sampling variability (RSE greater than 15%) showed consistent improvements under the 4× stratification. 
This indicates that increasing stratification helps reduce clustering effects in situations where estimates are 
otherwise unstable, thereby enhancing precision in the higher error range, as seen in Figures 3 and 4. Conversely, 
for districts where the RSE was already low (below 10%), the 2× stratification performed better. In such cases, 
further splitting of strata does not yield additional gains and may even marginally increase variability due to smaller 
sample sizes within each stratum, as illustrated by Figures 3 and 4. 

 

Figure 3. Transition between 2× and 4× stratification approaches in gain in relative standard error across  
various indicators. 

The findings suggest that 4× stratification is particularly effective for addressing high-RSE contexts precisely 
where gains in precision are most needed. This is especially relevant for indicators like stunting and immunization, 
where inter-district variability and heterogeneity in outcomes often lead to greater design effects. In contrast, when 
the RSE is already low, the simpler 2× approach is more efficient, and additional segmentation does not translate 
into improvements. 

For indicators such as ANC coverage and sanitation facilities, the results did not show a consistent or strong pattern 
in favor of either approach. The differences between 2× and 4× stratification were minimal, and, in some cases, the two 
strategies performed almost identically. This lack of a systematic trend reflects the nature of these indicators, which are 
typically less sensitive to stratification refinements because they are more evenly distributed across households. 
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Figure 4. Heatmaps of stunting, full immunization coverage, 4+ ANC visits, and improved sanitation facilities by 
2× and 4× stratification approaches according to different categories of relative standard error. 

The key factors underlying these differences were the village size and the degree of clustering. In larger 
villages or areas with higher clustering of outcomes, the 4× stratification proved more effective as it reduced intra-
cluster homogeneity by creating smaller, more internally consistent strata. This is why health outcomes that vary 
significantly across communities, such as stunting or immunization, benefited more from finer stratification. By 
contrast, household indicators tend to be less affected by village-level clustering, and thus the gains from increasing 
the number of strata were negligible. 

Overall, the results highlight that while 4× stratification is a valuable strategy for improving precision in 
high-RSE contexts, particularly for child health outcomes, it does not universally outperform the 2× approach. A 
nuanced application of stratification guided by the indicator type, village size, and expected clustering offers the 
most efficient path to improving survey precision. 

4. Discussion 

This study set out to rigorously evaluate the impact of stratification depth on the precision of district-level 
health estimates in India by comparing the conventional two-segment stratification approach (urban vs. rural) with 
a more detailed four-segment model (urban plus three rural segments). Using key health indicators, that is, child 
stunting, full immunization coverage, improved sanitation facilities, and 4+ ANC visits, the analysis systematically 
explored how different stratification designs affect the standard errors of survey estimates across diverse states 
and districts. 
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The findings revealed a nuanced picture. Overall, the two-segment stratification outperformed the four-
segment approach in a greater number of districts and states, particularly in the large and populous states of Uttar 
Pradesh, Madhya Pradesh, Bihar, and Maharashtra. In these states, a basic urban-rural division appeared sufficient 
to capture meaningful population differences, resulting in lower standard errors and higher statistical efficiency 
for most indicators. This reinforces the long-held notion in survey research that simpler stratification can be both 
operationally efficient and statistically effective in contexts where urban-rural contrasts are already pronounced. 

However, a critical insight from the study was the state- and indicator-specific advantage observed with the 
four-segment approach. States such as Rajasthan, Gujarat, Tamil Nadu, Telangana, Chhattisgarh, and Kerala had 
a greater number of districts benefiting from finer stratification, especially for indicators like full immunization, 
sanitation, and 4+ ANC visits. These findings suggest that in regions characterized by greater intra-rural 
heterogeneity driven by factors such as geography, socioeconomic disparities, development levels, and access to 
services, a more detailed stratification framework can meaningfully improve the precision of survey estimates. 

The varied performance of different levels of stratification across different indicators underscores the 
importance of considering indicator-specific distribution patterns in survey design. Rare events or services with 
low coverage rates, such as full immunization or 4+ ANC visits, are inherently more prone to sampling variability. 
Therefore, the potential precision gains from enhanced stratification are higher for these indicators. Conversely, 
more prevalent outcomes like stunting may show smaller marginal benefits from increased stratification. This 
differential response highlights that no single stratification strategy is universally optimal and that decisions should 
be guided by both local context and the specific health indicators prioritized in a survey. 

The choice between 2× and 4× stratification at the district level is closely tied to the sociodemographic profile, 
health service distribution, and heterogeneity of rural populations. In districts where the urban-rural divide already 
captures the major contrasts in living conditions and health outcomes, the simpler 2× stratification tends to be 
more effective. For example, in populous states such as Uttar Pradesh and Bihar, rural areas often share similar 
patterns of deprivation, have similarly limited access to health services, and show homogeneity in practicing 
agriculture-based livelihoods. In such contexts, further subdividing the rural population into three strata under the 
4× design does not substantially reduce intra-stratum variability, and may even inflate standard errors due to 
unnecessary fragmentation (division) of the sample. Indicators such as child stunting and antenatal care, which 
reflect structural determinants like long-term nutritional environment or maternal health-seeking behavior, are 
strongly influenced by this broad rural-urban divide. As a result, the efficiency gains for such indicators are higher 
under the 2× framework because it captures the essential variation without overcomplicating the sampling design. 

In contrast, districts that exhibit pronounced intra-rural heterogeneity benefit more from 4× stratification. 
This is often the case in geographically diverse states such as Rajasthan, Gujarat, and Kerala, where rural 
populations are not uniform but segmented by terrain, remoteness, and differential development levels. For 
instance, tribal hamlets in remote forested areas may have very different health service utilization and sanitation 
conditions compared to rural households located near district headquarters or semi-urban belts. In such contexts, 
indicators like immunization and sanitation coverage are especially sensitive to fine-grained differences within 
rural populations, as service delivery varies widely across sub-regions. The 4× stratification, by dividing rural 
areas into three segments, captures this internal diversity more effectively, leading to lower standard errors and 
more reliable district-level estimates. Even in relatively advanced states such as Kerala and Tamil Nadu, where 
health indicators are generally better, the 4× framework offers advantages because it accounts for subtle rural 
contrasts; for example, differences in sanitation access between coastal villages, plantation areas, and more urbanized 
rural belts. 

Thus, the empirical evidence shows that the superiority of 2× or 4× stratification is highly context-specific. 
The 2× approach is better suited to districts with relatively homogeneous rural populations and strong urban-rural 
contrasts, while the 4× approach provides clear advantages in districts characterized by intra-rural diversity in 
geography, service provision, and socioeconomic conditions. The benefits also vary by indicator such that 
structural and widespread outcomes like stunting often require only 2× stratification, whereas indicators dependent 
on health service access and infrastructure such as immunization, 4+ ANC visits, and sanitation are more sensitive 
to localized variations, making 4× stratification more effective. This highlights the need for adaptive stratification 
strategies, where the choice of design is guided not only by statistical efficiency but also by the social and health 
realities of the districts under study. 

Another important consideration in interpreting the relative efficiency of stratification designs is the effect of 
clustering. In large-scale surveys, households are selected in clusters (PSUs), which tend to share similar 
socioeconomic and health characteristics. This intra-cluster correlation often inflates standard errors, particularly 
for indicators that are geographically concentrated. For example, in Uttar Pradesh and Bihar, stunting is highly 
correlated within villages due to shared nutrition environments, meaning that even with 4× stratification, the 
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clustering effect dominates, and the 2× stratification remains sufficient. In contrast, in states like Kerala and Tamil 
Nadu, where immunization and ANC services vary between rural pockets, clustering amplifies localized 
differences; here, 4× stratification helps counterbalance the design effect by ensuring that clusters are drawn from 
more homogeneous rural subgroups. Similarly, in Rajasthan and Chhattisgarh, sanitation coverage often differs 
sharply between remote tribal clusters and the more developed rural settlements. In such cases, finer stratification, 
coupled with clustering, leads to better precision by capturing these distinct pockets of health outcomes. Thus, the 
interaction of stratification with clustering reinforces the finding that the optimal design is state- and indicator-
specific. In other words, in states with strong within-cluster homogeneity and a pronounced urban-rural divide,  
2× stratification suffices, but in states where intra-rural clustering introduces large variations in service access,  
4× stratification becomes more beneficial. 

These results carry valuable operational implications. In resource-limited environments, where increasing 
sample size is often impractical, maximizing precision through smarter design adjustments like refined 
stratification becomes essential. However, such adjustments must be balanced against increased complexity in 
sampling logistics, field implementation, and cost. The evidence from this study advocates for a context-sensitive, 
adaptive approach to stratification design—one that weighs the potential statistical benefits against operational 
feasibility on a state-by-state and indicator-by-indicator basis. 

Recent studies emphasize that the effectiveness of stratification depends on how well strata capture 
population heterogeneity and interact with clustering in multi-stage designs [11,20]. Our findings are consistent 
with this evidence, as the two-segment (urban-rural) stratification performs better in many districts, particularly in 
large and populous states, where rural populations tend to be relatively homogeneous. Similar conclusions have 
been reported in other recent analyses of national health surveys, which show that simpler stratification designs 
often provide stable and efficient estimates when major population contrasts are already well represented [10,22]. 

At the same time, recent methodological and applied studies also report that finer stratification can improve 
precision in contexts with high sampling variability and pronounced intra-rural heterogeneity [25,27]. This aligns 
closely with our results, which show that four-segment stratification offers clear advantages in districts with higher 
relative standard errors and for indicators sensitive to service delivery, such as immunization, sanitation, and ANC 
visits. However, consistent with recent evidence, our results also indicate that finer stratification does not 
uniformly reduce standard errors and may offer limited gains when baseline variability is low or when stratum-
level sample sizes are small [26]. 

This study set out to examine whether a more detailed four-segment stratification offers meaningful precision 
gains over the conventional two-segment approach in large-scale health surveys. The findings demonstrate that 
the benefits of finer stratification are highly context-specific. Where sampling variability is high, particularly for 
child health indicators such as stunting and immunization, the 4× stratification design consistently improves 
precision by mitigating clustering effects and capturing intra-rural heterogeneity. These gains are most pronounced 
in districts with diverse rural populations or uneven health service distribution. 

By contrast, in districts where relative standard errors are already low (under 10%) or where rural populations 
are relatively homogeneous, the simpler 2× stratification proves more efficient. In such cases, additional segmentation 
does not reduce variability and may even marginally increase it due to smaller sample sizes within strata. Household-
level indicators like sanitation and ANC coverage also show little advantage from 4× segmentation, as their 
distribution is more uniform across populations. 

5. Conclusions 

This study examined whether increasing stratification from a conventional two-segment (urban-rural) 
framework to a more detailed four-segment approach improves the precision of district-level estimates in large-
scale health surveys in India. The findings indicate that neither stratification strategy is universally superior. The 
two-segment approach performs more efficiently in many districts, particularly in large and relatively 
homogeneous areas, where the urban–rural divide captures the dominant variation. In contrast, the four-segment 
approach provides clear advantages in contexts characterized by higher sampling variability and greater intra-rural 
heterogeneity, especially for indicators related to service utilization such as full immunization for children and 4+ 
antenatal care visits. 

These results highlight that the effectiveness of stratification is inherently context-dependent and varies 
across both geographic settings and types of indicators. Increasing the number of strata does not automatically lead 
to improved precision and may yield diminishing returns when the underlying variability is already low. 

From a practical perspective, the findings support a flexible and adaptive approach to survey design. Rather 
than adopting a uniform stratification strategy, survey planners should tailor the level of stratification to the 
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expected heterogeneity of the population and the nature of the indicators being measured. This approach can 
enhance statistical efficiency while maintaining operational feasibility in large-scale surveys such as the NFHS. 

Future research may extend this work by exploring alternative stratification schemes, including finer urban 
segmentation or data-driven approaches, as well as examining the implications of stratification for small-area 
estimation and subgroup analysis. 
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