
Spatial Fertility Patterns in North-East India: A State-Level Clustering Analysis

ABSTRACT
Background: Examining regional fertility trends is crucial for shaping informed demographic strategies and policy decisions. This research calculates the state-level Age-Specific Fertility Rate (ASFR) across India’s eight northeastern states and employs cluster analysis to group them by their fertility lines. The method reveals distinct clusters with comparable fertility behaviours, shedding light on both regional disparities and evolving demographic shifts. The results highlight marked differences in fertility rates across these states, underscoring the role of socio-economic and cultural factors in shaping these variations.
Methods: The eight northeastern states were divided into discrete clusters using the K-means clustering method.
Results: By examining the calculated single-year ASFRs, we grouped the eight north-eastern states into four distinct clusters. Cluster 1, predominantly tribal and Christian, shows relatively high education levels and moderate contraceptive use, while Cluster 2, primarily Hindu and rural, displays a higher proportion of anaemia and lower education levels, reflecting traditional fertility patterns. Cluster 3, with its high fertility rates, is marked by low contraceptive use and high parity, while on the other hand Cluster 4, with its Buddhist majority and high contraceptive adoption, demonstrates a strong preference for smaller family sizes. This distinction highlights the importance of socio-demographic factors in shaping these regional fertility trends. 
Conclusion: The eight northeastern states can be categorized into four distinct clusters, each of which can be characterized by markedly divergent fertility trends and maternal demographic profiles. These insights offer a basis for developing focused reproductive health strategies in the region.
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INTRODUCTION
Regional fertility patterns are central to demographic planning and policy design, as fertility levels shape household composition, economic development, allocation of resources, and long-term population stability. India, home to nearly one-fifth of the world’s population, is undergoing a major demographic transition marked by a sustained decline in fertility. Since 1980, the country’s total fertility rate (TFR) has fallen by more than half and is now close to the replacement level, indicating a significant shift in population dynamics. However, this national decline masks substantial regional variation. Fertility transition has progressed at very different speeds across states, resulting in a highly uneven demographic landscape. These differences are driven by variation in access to healthcare, effectiveness of policy implementation, levels of education, and deeply rooted cultural practices. While global demographic trends provide a broader context, it is India’s regional socio-economic and cultural diversity that ultimately shapes fertility behaviour at the local level. This diversity underscores the importance of tailored approaches in addressing fertility challenges, ensuring sustainable demographic transitions across the country.1
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Figure 1: Trend in Fertility Decline of India as well as north-eastern states. From 1992-93 (Round 1) to 2019-21 (Round 5)
Understanding India’s fertility transition requires moving beyond national averages to consider the substantial variation across states and districts. These differences arise from unequal socioeconomic development, diverse cultural norms, and variations in policy implementation. As a result, India exhibits a heterogeneous demographic landscape, in which some regions have already attained replacement-level fertility, while others continue to record persistently higher fertility levels.2
India has experienced a major decline in fertility rates over the past several decades as part of its demographic transition. The fertility decline represents one of the most dramatic demographic transformations globally, with the Total Fertility Rate falling from 5.89 births per woman in the early 1960s to 2.0 by 2019-21.3-5 This decline has been consistent across multiple decades, dropping from 5.2 in 1971 to 2.2-2.3 by 2015-16.6,7 Most significantly, India has now joined over 80 countries with sub-replacement fertility, achieving a TFR below the replacement level of 2.1 for the first time in its history.8,9
The fertility decline has been universal across Indian society, occurring among rich and poor, literate and non-literate, upper and lower castes, and across different religious groups.6 Currently, in India, 30 of the 36 states have achieved below-replacement fertility, with only Bihar, Uttar Pradesh, Jharkhand, Manipur, and Meghalaya remaining above this threshold (See Figure 1).4,8 The decline has been particularly steep in rural areas where two-thirds of Indians reside, though urban areas continue to show lower fertility rates, with urban TFR at 1.6 compared to 2.1 in rural areas.3,9
This fertility transition has been characterized by notable regional convergence, with states that historically had higher fertility rates showing faster decline rates, leading to gradual convergence across states.10 The southern states led this transition, reaching replacement level fertility as early as 1990, followed by western and northern states, while central, eastern, and northeastern regions have shown slower but steady progress.6,11 The decline has been attributed primarily to government family planning programs and population policies rather than purely socioeconomic changes, representing a success story of targeted governmental intervention.9,10,12
The northeastern region of India presents a unique fertility profile that distinguishes it from other regions of the country. As of 2015, the northeast region had higher fertility levels compared to the south, west, and north, ranking second only to the central region in terms of Total Fertility Rate.11 By 2019-21, while most of India achieved sub-replacement fertility, Manipur and Meghalaya in the northeast remained among the five states that had not yet reached replacement-level fertility.4
The fertility landscape across the northeastern states reveals remarkable heterogeneity that reflects the complex interplay of cultural, social, and economic factors within the region. According to NFHS data, fertility rates span a considerable range, from just below replacement level in Sikkim to as high as approximately 3 children per woman in Meghalaya.13,14 This variation represents one of the most diverse fertility patterns found within any single geographic region of India, creating distinct demographic profiles that lend themselves well to statistical clustering approaches. The substantial differences in total fertility rates across neighbouring states suggest that despite shared geographic proximity, each northeastern state follows unique reproductive trajectories influenced by their specific ethnic compositions and cultural practices. This heterogeneity in fertility outcomes provides an excellent foundation for applying K-means clustering analysis, as the age-specific fertility rate patterns likely form distinct groupings that can reveal underlying demographic similarities and differences among these states.
This study seeks to examine disparities in fertility curves across the eight northeastern states of India and to assess associated socio-demographic contrasts, as well as whether these differences are statistically significant. However, analysing and comparing all eight states individually may be methodologically cumbersome and analytically limited, potentially obscuring underlying patterns. To address this, the states were grouped according to similarities in their fertility trends, enabling more meaningful comparisons and improving interpretability of the results.
A variety of clustering techniques have been used in the literature to classify Indian states and districts according to different characteristics. Among these methods, agglomerative hierarchical clustering is both widely used and conceptually simple, as it starts with individual observations and progressively merges similar clusters into a single group. In the Indian context, hierarchical clustering has been effectively used to examine COVID-19 patterns, district-level nutritional status, and trends in missing children’s cases.15-17
Studies showed that the Indian states and UTs can be grouped into three distinct clusters according to COVID-19 pandemic outbreak, with all eight northeastern states belonging to the same cluster15. According to under-five child growth and nutritional status India shows 3 distinct clusters, with Assam and Tripura in a different cluster and the remaining northeastern states in a different cluster16. As per endemicity trends of missing and unrecovered children in India, all northeastern states were found to be member of the same cluster with low endemicity17.
The non-hierarchical k-means clustering method is another frequently applied technique for analysing Indian states. This approach has been used to classify areas based on infrastructure development levels, analyse COVID-19 data across states and union territories, and identify flood risk zones.18-20 One of its key advantages is its capacity to create well-defined clusters, which can guide evidence-based policymaking. While earlier research focused on clustering of districts within Assam based on single-year ASFR1, the present study is an attempt to expand the methodology to the broader northeaster stated of India for a more generalized finding.
Analysing age-specific fertility rates (ASFRs) reveals important insights into fertility patterns across different age groups within regions. This research focuses on state-level ASFRs, using cluster analysis to categorize them into distinct groups with comparable fertility trends. The K-means clustering method was selected for this analysis because it effectively organizes numeric data. K-means is particularly well-suited for this study since it excels with numerical information.21 Given that we are examining single-year ASFR data to identify similarities among states, K-means provides a clear and efficient way to group these states into meaningful clusters.  

[bookmark: methods]METHODOLOGY
[bookmark: source-of-data]Source of Data: The National Family Health Survey (Round-5, 2019-2021) dataset for the eight Northeastern states collectively provides a comprehensive sample of women in the 15–49 age group.14 The total female sample across these states ranges from 4,220 in Sikkim to 34,979 in Assam, with a substantial subset consisting of ever-married women (e.g., 27,215 in Assam and 2,752 in Sikkim). These sample sizes were deemed sufficient for state-level Age-Specific Fertility Rate (ASFR) estimation under the NFHS-5 stratified sampling design. For the calculation of Single-Year ASFRs, the study utilized de-identified NFHS-5 microdata accessed through the DHS Program, following ethical approval and guidelines established by the International Institute for Population Sciences (IIPS).14
[bookmark: age-specific-fertility-rate]Age Specific Fertility Rate: The age‑specific fertility rate (ASFR) reflects the number of births per k women (usually per 1,000) in a given area and period. Adding the ASFRs across all ages yields the total fertility rate (TFR). We calculated single‑year ASFRs for ages 15–49 with calc_asfr() from the demogsurv package.22 The TFR was obtained by summing these ASFRs for ages 15–49 and expressing the result per woman, in line with standard demographic methods.23,24


[bookmark: clustering]K-Means Clustering: To uncover latent sub‑groups among northeastern states we applied k‑means clustering, a classic unsupervised algorithm that splits a data set into k non‑overlapping clusters.25,26 The method works well with large, continuous data sets and seeks to minimise the within‑cluster sum of squares (WCSS), thereby maximizing similarity inside clusters and separation between them. The K-means algorithm was used to classify regional fertility patterns, as it excels at identifying compact, spherical clusters within continuous numerical datasets. This approach allowed us to derive distinct cluster centroids, providing a robust statistical basis for comparing demographic variations across the study area.
Before applying the K-means clustering algorithm, few critical assumptions were evaluated to ensure the validity and robustness of the outcome. At first all continuous variables were standardised (using the z-score normalization) to yield a mean of zero and a standard deviation of one, thereby satisfying the assumption of equal variance and preventing variables with larger scales from disproportionately influencing the distance metrics. Further, the multi-collinearity was assessed via a correlation matrix. Variables exhibiting high correlation were addressed to ensure the independence of dimensions in the Euclidean space. A visual inspection of the feature space confirmed that the data formed roughly spherical distributions with relatively equal densities, aligning with the geometric assumptions of the k-mean algorithm. Finally, the optimal number of clusters (k) was determined empirically. Choosing the right number of clusters (k) is a prerequisite for reliable results. We evaluated three widely accepted criteria. First, the Elbow Method examines how WSS declines as the number of clusters (k) increases; the optimal k lies at the point where the reduction in WSS begins to flatten.27 Second, the Average Silhouette Method computes silhouette widths for each k; the value that maximises the average silhouette indicates the best‑fitting cluster count.28 Third, the Gap Statistic compares observed WSS with that expected under a null reference distribution; the k producing the largest gap signals a meaningful clustering structure.29
The number of clusters was chosen by triangulating the elbow plot, silhouette analysis, and the gap statistics along with the Krzanowski‑Lai (KL) index.30 This combination balances within‑cluster homogeneity against between‑cluster dispersion and yields a data‑driven partition for subsequent comparisons.
The KL index proposed by Krzanowski and Lai is defined as

Where, 
The mathematical foundation of the KL index relies on the principle that when there exists an optimal clustering solution with q groups, the value of DIFFq should be comparably large and positive, while values of DIFFq for q > q* will have rather small values (possibly even negative) (Albaum et al., 2011). The KL criterion is designed to detect the “elbow” in the within-cluster sum of squares curve by examining changes in Wq, and it attains large values when such an elbow occurs (Poulsen et al., 2018). The value of q, maximizing  is regarded as specifying the optimal number of clusters.31 For our analysis we ran the NbClust package (Version 3.0.1) with its default settings (Euclidean distance, minimum = 2 clusters, method = “kmeans”). NbClust evaluates nearly 30 criteria, including the elbow, silhouette, gap statistic, and KL index to suggest the best‑fitting number of clusters.32 Convergence among these metrics guided the final selection of k.

Results
[bookmark: fertility-rates][bookmark: results]Age Specific Fertility Rate: We calculated the single-year ASFRs for India, and all northeastern states of India, which include Assam, Arunachal Pradesh, Manipur, Meghalaya, Mizoram, Nagaland, Sikkim, and Tripura from the individual record data of the fifth round of NFHS [see Table 1, Figure 3]. 
The ASFRs reveals substantial heterogeneity in fertility behaviour across India and the eight North-Eastern states, reflecting differences in the timing, intensity, and overall level of childbearing. At the national level, fertility follows a relatively standard age pattern, with low rates in the teenage years, a peak during the early to mid-twenties (around ages 22–24), and a steady decline thereafter. This pattern is broadly indicative of delayed marriage, declining adolescent fertility, and concentration of births within the prime reproductive ages.
Assam broadly mirrors the national age pattern but exhibits noticeably higher fertility at younger ages, particularly between 15 and 19 years, indicating a relatively higher prevalence of early marriage and adolescent childbearing. Although fertility peaks in the early twenties, the decline after age 30 is more gradual compared to the national average, suggesting prolonged childbearing spans. Despite these features, Assam’s total fertility rate (TFR) of 1.87 remains below replacement level, pointing to an ongoing fertility transition.
Arunachal Pradesh and Manipur display distinct fertility schedules. Arunachal Pradesh shows moderate adolescent fertility but relatively elevated fertility across a wider age range, extending into the late thirties and even forties, which contributes to a TFR of 1.81. Manipur, in contrast, exhibits a pronounced concentration of fertility in the late twenties and early thirties, with comparatively lower adolescent fertility but sustained childbearing at older ages, resulting in a TFR of 2.17, slightly above replacement level. This pattern may reflect delayed marriage combined with extended reproductive behaviour.
Meghalaya stands out with consistently high fertility rates across almost all reproductive ages, particularly between 20 and 34 years, and a relatively slower decline at older ages. This broad-based fertility schedule culminates in the highest TFR among the North-Eastern states (2.89), indicating limited fertility decline. The pattern is consistent with the state’s distinct socio-cultural context, including matrilineal traditions and comparatively lower uptake of modern contraceptive methods. Mizoram, Nagaland, Sikkim, and Tripura exhibit more advanced fertility transitions. Mizoram shows low adolescent fertility and a moderate peak during the mid-to-late twenties, followed by a steady decline, yielding a TFR of 1.86. Nagaland presents a similar but slightly earlier concentration of fertility, with relatively low teenage childbearing and a TFR of 1.71. Sikkim demonstrates the most compressed fertility pattern, characterised by very low fertility at younger ages, a modest peak in the late twenties, and a sharp decline, thereafter, resulting in the lowest TFR (1.04) among all states considered. Tripura, despite relatively high adolescent fertility, particularly at ages 15–19, experiences a rapid decline after the mid-twenties, leading to a sub-replacement TFR of 1.71. (See Table 1, Figure 2).


Table 1: Single Year ASFR (per 1000 women) of India and the North-Eastern States
	Age
(in years)
	India
	Assam
	Arunachal
Pradesh
	Manipur
	Meghalaya
	Mizoram
	Nagaland
	Sikkim
	Tripura

	15
	2.84
	9.85
	4.33
	5.4
	4.52
	0
	0
	0
	28.51

	16
	10.38
	20.14
	8.96
	24.69
	14.15
	5.78
	2.84
	7.33
	52.23

	17
	29.13
	64.94
	32.07
	43.94
	39.05
	26.48
	10.82
	3.92
	104.52

	18
	64.86
	89.73
	61.51
	62.86
	78.32
	41.24
	34.86
	54.33
	133.07

	19
	109.17
	117.31
	83.21
	76.73
	113.56
	43.75
	41.42
	36.94
	135.55

	20
	142.93
	133.9
	92.18
	97.32
	149.94
	83.01
	69.79
	65.39
	152.77

	21
	163.11
	135.41
	96.67
	119.31
	140.2
	80.25
	80.07
	45.33
	134.79

	22
	175.69
	142.37
	116.61
	92.84
	155.14
	71.07
	96.55
	81.06
	111.52

	23
	174.43
	134.58
	111.79
	106.81
	128.54
	120.92
	95.09
	53.14
	77.14

	24
	168.97
	128.19
	112.47
	131.44
	144.63
	112.11
	111.81
	41.19
	118.07

	25
	155.67
	122.3
	109.58
	126.79
	146.33
	115.84
	83.86
	54.77
	112.06

	26
	141.12
	102.95
	108.52
	93.32
	142.29
	119.07
	113.02
	71.79
	81.7

	27
	118.81
	100.1
	101.86
	133.46
	154.79
	97.12
	118.7
	93.46
	78.69

	28
	103.75
	94.84
	87.25
	129.24
	135.32
	85.69
	92.45
	74.02
	64.08

	29
	84.59
	75.82
	100.74
	124.03
	128.55
	97.39
	116.17
	52.71
	52.93

	30
	74.17
	74.52
	82.68
	126.78
	155.86
	100.14
	82.27
	44.16
	65.29

	31
	60.11
	62.52
	70.88
	107.18
	136.42
	101.69
	89.79
	23.76
	50.31

	32
	47.29
	52.95
	74.74
	103.27
	99.42
	75.92
	76.74
	73.61
	40.68

	33
	38.26
	43.09
	61.26
	73.3
	136.71
	72.49
	89.43
	36.5
	29.13

	34
	30.67
	36.09
	63.42
	87.52
	107.57
	95.98
	68.3
	42.07
	21.84

	35
	22.8
	37.55
	42.41
	93.11
	101.4
	78.32
	52.92
	20.78
	9.15

	36
	17.49
	23.77
	44.21
	63.99
	78.82
	60.94
	65.58
	18.2
	20.6

	37
	12.99
	15.4
	32.2
	50.19
	80.92
	42.23
	17.05
	26.62
	2.15

	38
	10.37
	19.72
	13.48
	35.34
	69.69
	43.31
	27.03
	3.81
	8.25

	39
	6.76
	7.1
	16.92
	26.97
	48.95
	33.13
	16.91
	4.19
	10.53

	40
	5.57
	4.7
	16.84
	13.47
	46.7
	16.35
	19.44
	6.57
	2.87

	41
	3.65
	6.39
	5.42
	3.52
	47.84
	8.82
	19.19
	3.48
	2.03

	42
	2.55
	2.87
	7.61
	8.49
	31.75
	20.83
	5.47
	0
	2.21

	43
	1.68
	5.56
	6.92
	3.78
	21.7
	4.87
	6.44
	0
	2.1

	44
	1.79
	1.48
	10.44
	2.09
	14.42
	3.32
	2.33
	5.52
	0

	45
	1.17
	1.78
	4.07
	1.91
	20.78
	1.64
	0
	0
	0

	46
	0.33
	0
	4.78
	1.53
	2.27
	0
	3.08
	0
	0

	47
	0.55
	0
	5.48
	0.67
	10.78
	0
	0
	0
	1

	48
	0.3
	0
	1.25
	0
	3.21
	0
	0
	0
	0

	49
	0.46
	0
	17.67
	0
	0
	0
	0
	0
	0

	TFR
	2.00
	1.87
	1.81
	2.17
	2.89
	1.86
	1.71
	1.04
	1.71

	Source: National Family Health Survey 5 (2019-2021)
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Figure 2: A line plot of the ASFR of the eight northeastern states in comparison to national fertility trend calculated based on the fifth round of NFHS (2019-21)
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Figure 3: A heatmap for the ASFR’s (per 1000 women) of all the northeastern states of India calculated from NFHS-5 data. The rectangular box indicates the highest fertility rate (modal age of fertility curve).

State Level K-Means Clustering: To determine whether the data had a meaningful cluster structure (i.e., non-randomness), the Hopkins statistic was calculated. The value of the statistic was found as, H = 0.73, which is significantly greater than the 0.5 threshold, suggesting a high likelihood of grouping and hence supporting the use of a clustering algorithm.33,34
A visual inspection using “silhouette” (for average silhouette width), “wss” (for total within sum of square), and “gap_stat” (for gap statistics) along with the KL Index [Figure 4a] suggests that four clusters are optimum to capture the distinct fertility pattern of the states. Accordingly, K-mean clustering is performed in R with four centres. The spherical clusters are found to be non-overlapping, indicating maximum between cluster distance and minimal within cluster distance [Figure 4b]. Sensitivity analyses using hierarchical clustering confirmed the robustness of the four-cluster solution, with similar state groupings (results available upon request).
At the national level, ASFRs follow a U-shaped curve, with low teenage fertility, a peak around 22–24, and a gradual decline, reflecting delayed marriage and concentrated childbearing in prime reproductive years. The four clusters show distinct trajectories: Cluster 1 (orange) features high adolescent fertility, peaking in the early 20s, suggesting early marriage and prolonged childbearing. Cluster 2 (blue) displays a moderate rise with a later peak (25–27), indicating a more balanced fertility schedule. Cluster 3 (red) shows sustained fertility across 20–35, pointing to delayed marriage or extended reproductive behaviour. Cluster 4 (green) has the lowest overall rates, with a sharp peak in the mid-20s followed by rapid decline, reflecting advanced fertility transitions [See Figure 5]
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	4(a): Optimum number of clusters for the states based on KL Index.
	4(b): A visual presentation of the K-Mean Clustering for the northeastern states.
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	4(c): A Spatial presentation of the four clusters of northeastern states
Figure 4: Cluster Analysis of the eight northeastern states of India based on their fertility curve.



[bookmark: district-level-clustering][bookmark: distlist]

Table 2: Member states in the clusters
	Clusters
	States

	Cluster 1
	Arunachal Pradesh, Manipur, Mizoram, Nagaland

	Cluster 2
	Assam, Tripura

	Cluster 3
	Meghalaya

	Cluster 4
	Sikkim
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Figure 5: A comparison of the ASFR pattern between the four clusters of ne states with that of India.
[bookmark: between-cluster-comparison]
Between Cluster Comparison: Pearson’s Chi Square test of independence has been used to compare a few socio - demographic characteristics, which may affect the fertility of the women in the four clusters for a better characterization of the clusters. Chi-square tests assume independence of observations, which may be violated due to geographic clustering. Future studies should validate findings with larger samples. Initially a median test using the Wilcoxon signed rank test was performed to compare the total children ever born and the total number of living children of mothers in the two clusters but since the median and inter-quartile range (IQR) are identical we opted for the Yuen’s robust t-test for trimmed mean.35 [See Table 3].
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Figure 6: An area plot comparing the distribution of number of children ever born among the four cluster of northeastern states.

DISCUSSION
The study found that the eight northeastern states can be grouped into 4 clusters. Prior studied showed that all northeastern states have similar pattern and belongs to the same cluster according to COVID-19 outbreak15. A Geo-spatial visualization of the clusters showed a distinct pattern. States in a particular belt or region are found to be members of the same cluster. While cluster 1 of states share international border with Myanmar (Burma), states in cluster 2 and 3 share international border with Bangladesh. On the other hand, cluster 4 (Sikkim) share international border with Nepal and Bhutan [See Figure 4c]. 
Cluster 4 (purple), characterized by the lowest overall fertility rates, exhibits a pronounced concentration of women with fewer children, particularly those having one or two offspring. The distribution peaks sharply at lower birth counts, with a steep decline in proportions as the number of children increases, indicating a strong preference for smaller family sizes and rapid fertility decline. Cluster 1 (red) and Cluster 2 (blue) display more moderate distributions, though Cluster 1 shows a slightly higher proportion of women with two to three children. Both clusters demonstrate a broader spread of reproductive outcomes compared to Cluster 4, with a noticeable presence of women having four or more children, though still maintaining a higher proportion of lower birth counts than Cluster 3. Cluster 3 (green), which exhibits the highest fertility rates, presents a more dispersed distribution with a significant proportion of women having three to five children. The curve is relatively flatter across higher birth counts, suggesting a greater prevalence of extended family sizes and a less abrupt fertility transition compared to the other clusters [See Figure 6].



Table 3: Comparison of some key socio-demographic characteristic of the women in the four clusters.

	Demographic
Characteristic
	N
	Overall  
	Cluster 1  
	Cluster 2  
	Cluster 3  
	Cluster 4  
	Comparison among 
the clusters

	
	
	Northeast India
	N = 44,780
	N = 42,293
	N = 13,089
	N = 3,271
	

	Highest educational level, n(%)
	1,03,433
	 
	 
	 
	 
	 
	1575 (<0.001)1

	  No education
	 
	16,337 (15.79%)
	6,760 (15.10%)
	7,409 (17.52%)
	1,844 (14.09%)
	324 (9.91%)
	 

	  Primary
	 
	14,504 (14.02%)
	5,242 (11.71%)
	6,098 (14.42%)
	2,576 (19.68%)
	588 (17.98%)
	 

	  Secondary
	 
	61,879 (59.83%)
	26,835 (59.93%)
	25,597 (60.52%)
	7,611 (58.15%)
	1,836 (56.13%)
	 

	  Higher
	 
	10,713 (10.36%)
	5,943 (13.27%)
	3,189 (7.54%)
	1,058 (8.08%)
	523 (15.99%)
	 

	Type of place of residence, n(%)
	1,03,433
	 
	 
	 
	 
	 
	3264 (<0.001)1

	  Urban
	 
	19,994 (19.33%)
	12,238 (27.33%)
	5,638 (13.33%)
	1,598 (12.21%)
	520 (15.90%)
	 

	  Rural
	 
	83,439 (80.67%)
	32,542 (72.67%)
	36,655 (86.67%)
	11,491 (87.79%)
	2,751 (84.10%)
	 

	Religion, n(%)
	1,03,433
	 
	 
	 
	 
	 
	72210 (<0.001)1

	  Buddhist
	 
	4,894 (4.73%)
	3,391 (7.57%)
	338 (0.80%)
	1 (0.01%)
	1,164 (35.59%)
	 

	  Christian
	 
	40,951 (39.59%)
	27,697 (61.85%)
	1,839 (4.35%)
	11,030 (84.27%)
	385 (11.77%)
	 

	  Hindu
	 
	38,901 (37.61%)
	7,411 (16.55%)
	28,755 (67.99%)
	1,056 (8.07%)
	1,679 (51.33%)
	 

	  Muslim
	 
	12,598 (12.18%)
	930 (2.08%)
	11,321 (26.77%)
	314 (2.40%)
	33 (1.01%)
	 

	  Others
	 
	6,089 (5.89%)
	5,351 (11.95%)
	40 (0.09%)
	688 (5.26%)
	10 (0.31%)
	 

	Ethnicity, n(%)
	1,03,433
	 
	 
	 
	 
	 
	48106 (<0.001)1

	  Caste
	 
	34,291 (33.15%)
	7,865 (17.56%)
	23,388 (55.30%)
	594 (4.54%)
	2,444 (74.72%)
	 

	  Tribe
	 
	54,651 (52.84%)
	35,425 (79.11%)
	6,474 (15.31%)
	12,050 (92.06%)
	702 (21.46%)
	 

	  Others
	 
	14,491 (14.01%)
	1,490 (3.33%)
	12,431 (29.39%)
	445 (3.40%)
	125 (3.82%)
	 

	Wealth index combined, n(%)
	1,03,433
	 
	 
	 
	 
	 
	6463 (<0.001)1

	  Poorest
	 
	29,455 (28.48%)
	9,513 (21.24%)
	15,604 (36.89%)
	4,214 (32.19%)
	124 (3.79%)
	 

	  Poorer
	 
	33,102 (32.00%)
	13,396 (29.92%)
	14,173 (33.51%)
	4,715 (36.02%)
	818 (25.01%)
	 

	  Middle
	 
	22,531 (21.78%)
	10,993 (24.55%)
	7,479 (17.68%)
	2,734 (20.89%)
	1,325 (40.51%)
	 

	  Richer
	 
	13,547 (13.10%)
	7,873 (17.58%)
	3,781 (8.94%)
	1,094 (8.36%)
	799 (24.43%)
	 

	  Richest
	 
	4,798 (4.64%)
	3,005 (6.71%)
	1,256 (2.97%)
	332 (2.54%)
	205 (6.27%)
	 

	Anemia level, n(%)
	1,00,435#
	 
	 
	 
	 
	 
	9124 (<0.001)1

	  Severe
	 
	1,686 (1.68%)
	470 (1.08%)
	908 (2.22%)
	253 (1.99%)
	55 (1.81%)
	 

	  Moderate
	 
	24,394 (24.29%)
	6,038 (13.82%)
	14,165 (34.57%)
	3,617 (28.45%)
	574 (18.84%)
	 

	  Mild
	 
	24,276 (24.17%)
	8,627 (19.74%)
	11,933 (29.13%)
	3,112 (24.48%)
	604 (19.83%)
	 

	  Not anemic
	 
	50,079 (49.86%)
	28,571 (65.37%)
	13,965 (34.09%)
	5,730 (45.08%)
	1,813 (59.52%)
	 

	Current contraceptive method, n(%)
	75,743*
	
	
	
	
	
	3866 (<0.001)1

	  Not using any method
	
	34,799 (45.94%)
	14,515 (46.93%)
	13,032 (39.04%)
	6,681 (73.02%)
	571 (24.98%)
	 

	  Traditional method
	
	11,011 (14.54%)
	4,501 (14.55%)
	5,687 (17.04%)
	482 (5.27%)
	341 (14.92%)
	 

	  Modern method
	
	29,933 (39.52%)
	11,911 (38.51%)
	14,661 (43.92%)
	1,987 (21.72%)
	1,374 (60.10%)
	 

	Total children ever born, median(IQR)
	75,743*
	2 (1, 3)
	2 (1, 3)
	2 (1, 3)
	3 (2, 4)
	2 (1, 2)
	30.32 (<0.001)2

	Number of living children, median(IQR)
	75,743*
	2 (1, 3)
	2 (1, 3)
	2 (1, 3)
	2 (1, 4)
	2 (1, 2)
	31.91 (<0.001)2

	1n (%); Median (Q1, Q3)

	1Pearson's Chi-squared test; 2Yuen’s test for trimmed means, #Total measured sample, *Ever married sample








A further investigation revealed some key difference between the clusters. Cluster 2 has the highest proportion women with no education (17.52%), in contrast cluster 4 has the highest proportion (approx. 16%) of women with higher education. Religious affiliation varies substantially among the clusters, Buddhism is most prevalent in Cluster 4 (35.6 %), Christianity dominates Cluster 1 (61.9 %) and Cluster 3 (84.3 %), whereas Hinduism is the majority religion in Cluster 2 (68 %) and Cluster 4 (51 %). Ethnicity is strongly tribal in Cluster 4 (92 %) and Cluster 3 (74 %), whereas Cluster 1 is predominantly caste (17.6 %) and Cluster 2 (55 %) is mixed. Wealth distribution shows a higher concentration of the poorest and poorer families in Clusters 1 and 3 (approx. 21–37 %), whereas Cluster 4 has a larger middle‑class share (40.5 %) and a small proportion of the richest (6 %).
Anaemia status reveals a higher proportion of moderate and mild anaemia in Clusters 1 and 2 (≈ 34–35 %) than in Cluster 4 (≈ 19 %), while the proportion of non‑anaemic women is highest in Cluster 1 (65 %) and lowest in Cluster 4 (59.5 %). Contraceptive use patterns differ markedly: Cluster 3 has the lowest modern method uptake (21.7 %) and the highest non‑use (73 %), whereas Cluster 4 achieves the highest modern method adoption (60 %) and lowest non‑use (25 %). Traditional methods are low across all clusters.  The median number of children ever born is 2 in Clusters 1–3 and 3 in Cluster 4, with inter‑quartile ranges reflecting greater variation in Cluster 3. Living children mirror this pattern, with a slightly wider IQR in Cluster 3.
Our findings support existing literature, which highlights how contraceptive use varies by region within India.1 This variation may explain why Cluster 1, where fertility rates are lower shows higher adoption of contraception. Cluster 1 (Arunachal Pradesh, Manipur, Mizoram, and Nagaland) can be categorized as predominantly tribal Christian, with secondary level of education, moderate parity and relatively high modern contraceptive use. Cluster 2 (Assam and Tripura) can be categorized as mostly Hindu non-tribal, lower‑educated, with low parity and high modern contraceptive uptake and highest anaemic population, reflecting a more traditional fertility pattern. Cluster 3 (Meghalaya) can be categorized as tribal‑majority, well‑educated, Christian, high parity, and low contraceptive use, suggesting a high fertility region. Finally, Cluster 4 (Sikkim) is Tribal‑majority, highly‑educated, Buddhist, highest non-anaemic population with the lowest parity and highest modern contraceptive use, representing the lowest fertile region.
Each of the cluster constructed possess their unique characteristics. A common policy will fail to address all the diverse issues and pattern. While Cluster 3 needs special focus on reducing the fertility, cluster 4 need to address the significantly low below replacement TFR. In essence, adopting zone-specific policies that consider the unique characteristics of each cluster will be crucial in effectively managing and supporting their developmental trajectories. These tailored approaches can ensure more equitable resource distribution and maximize the positive impact on community well-being across both clusters. 
Despite using K-means in identifying inherent fertility grouping the eight states and ensuring the statistical assumption of the algorithm, the results are constrained by the data quality of the NFHS-5. Specifically, recall bias and birth displacement in pregnancy histories may affect the precision of single-year ASFR estimates. Furthermore, the geographical complexities of North-East India may result in localized under-coverage, suggesting that the identified clusters should be interpreted as indicative of broad demographic trends rather than absolute vitals.

CONCLUSION
This study identified four distinct fertility zones from the 8 northeastern states of India, Cluster 1 (Arunachal Pradesh, Manipur, Mizoram, Nagaland), Cluster 2 (Assam, Tripura), Cluster 3 (Meghalaya), and Cluster 4 (Sikkim). Each cluster exhibits significantly different fertility curves, contraceptive use, and socio-economic profiles. Cluster 3, with Meghalaya, stands out as the highest fertility zone, characterized by high parity, low contraceptive adoption, and a predominantly tribal Christian population. Conversely, Cluster 4, encompassing Sikkim, exhibits the lowest fertility rates, driven by high contraceptive use, a Buddhist majority, and a strong tribal presence. The socio-economic and cultural factors significantly influence fertility behaviours. Cluster 1, predominantly tribal and Christian, shows relatively high education levels and moderate contraceptive use, aligning with the literature.1 Cluster 2, primarily Hindu and rural, displays a higher proportion of anaemia and lower education levels, reflecting traditional fertility patterns. Cluster 3, with its high fertility rates, is marked by low contraceptive use and high parity, suggesting cultural and religious influences on family planning. Cluster 4, with its Buddhist majority and high contraceptive adoption, demonstrates a strong preference for smaller family sizes.
The study underscores the necessity of zone-specific policies to address fertility and socio-economic disparities. For Cluster 3, interventions should focus on increasing contraceptive adoption, improving maternal healthcare access, and addressing cultural barriers to family planning. Cluster 4, with its low fertility rates, may require dedicated policies to prevent further decline. Cluster 1 and Cluster 2, with moderate fertility and socio-economic challenges, should benefit from targeted health and education programs to enhance contraceptive use and reduce anaemia. Future research should explore longitudinal trends in ASFRs and incorporate additional variables such as contraceptive access, maternal healthcare utilization, and economic development indicators. This will provide deeper insights into the causal pathways influencing fertility behaviours and help refine policy interventions.
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