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ABSTRACT

Background: Understanding regional fertility patterns is crucial for effective demographic planning and poli-
cy formulation. This study estimates the district-level Age-Specific Fertility Rate (ASFR) for Assam and em-
ploys cluster analysis to classify the districts of Assam based on their current fertility patterns. The cluster
analysis identifies distinct groups with similar fertility characteristics, providing insights into regional varia-
tions and demographic transitions across the region. The findings highlight significant heterogeneity in fertili-
ty levels within Assam, reflecting diverse socio-economic and cultural influences.

Methods: The K-means clustering technique has been used to group the districts of Assam into distinct clus-
ters.

Results: It was found that based on the calculated single-year age-specific fertility rates, the districts of As-
sam can be divided into two distinct and non-overlapping clusters. A further comparison of some socio-
demographic factors between the two clusters revealed that Cluster 1 (Low Fertility Zone) had higher educa-
tion levels and a greater proportion of Assamese-speaking women compared to Cluster 2 (High Fertility
Zone).

Conclusion: The districts of Assam, India, can be divided into two distinct groups with significantly different
fertility patterns and demographics of the mothers. These findings can guide targeted reproductive health in-
terventions in high-fertility districts.
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INTRODUCTION

Understanding regional fertility patterns is crucial
for effective demographic planning and policy formu-
lation because fertility rates significantly influence
household structures, economic planning, resource
allocation across families, and the stability of popula-
tion dynamics over time. India, home to approxi-
mately one-fifth of the world's population, stands at
the epicentre of a profound demographic transfor-
mation characterised by declining fertility rates. The
country’s total fertility rate (TFR) has halved since
1980 and is now approaching replacement level,
marking a significant shift in its population dynam-
ics. However, this national trend masks considerable
regional variations, making India one of the most
demographically diverse countries in the world. The
pace of fertility decline has varied significantly
across India's regions, creating a complex demo-
graphic landscape.! This variation is partly attributed
to differences in health systems and adopted policies
across Indian states.2 The interplay between culture,
fertility, and policy has shaped this demographic
transition, with global trends influencing but not de-
termining the Indian context.3

Understanding India's fertility transition requires
examining not just the national averages but also the
diverse patterns across states and districts, which re-
flect varying socioeconomic conditions, cultural fac-
tors, and policy implementations. These regional dif-
ferences create a mosaic of demographic profiles
within the country, with some states achieving re-
placement-level fertility while others continue to ex-
perience higher rates.!

The pace of decline continued through subsequent
decades, with the TFR dropping from 5.2 children
per woman in 1971-72 to 2.2 by 2015-16.* According
to the most recent National Family Health Survey
(NFHS-5) conducted in 2019-21, India's TFR has fur-
ther declined to 2.0 children per woman, reaching
below the replacement level of 2.1 (Fig 1).56
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Figure 1: Trend in Fertility Decline of India as
well as Assam. From 1992-93 (Round 1) to 2019-
21 (Round 5)
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While high TFR rates may strain resources and infra-
structure, leading to challenges in providing essen-
tial services such as healthcare, education, and hous-
ing, conversely, declining TFR rates below the re-
placement level may pose concerns related to ageing
populations, workforce shortages, and economic
stagnation in the long term.”

The TFR of Assam (a northeastern state of India) has
also declined rapidly from 3.5 in 1992-93 to 1.87 in
2019-21, which is well below the replacement level
of 2.1 per woman and the national TFR rate as well

(Fig 1).

Assam, like the other northeastern states of India, is
known for its significantly diverse yet distinct geo-
graphical, demographic, and socio-economic charac-
teristics that make it different from the rest of India.
Hence, a district-level understanding of the current
fertility scenario might help us better identify the
factors associated.

As per the 2011 Census of India, Assam was adminis-
tratively divided into 27 districts. However, follow-
ing the 2011 Census, the Government of Assam initi-
ated further administrative restructuring, resulting
in the creation of several new districts. In 2015, five
new districts Biswanath (carved out of Sonitpur),
Charaideo (from Sivasagar), Hojai (from Nagaon),
South Salmara-Mankachar (from Dhubri), and West
Karbi Anglong (from Karbi Anglong) were estab-
lished. As of 2024, Assam comprises 35 districts, re-
flecting an ongoing process of administrative decen-
tralisation aligned with demographic, geographic,
and political considerations. However, the current
study is based on 33 districts, as the period of the da-
ta used is between 2019 and 2021 (Fig 2). District-
level analysis is essential due to Assam’s recent ad-
ministrative decentralization and diverse socio-
cultural landscape, which likely influence localized
fertility patterns.
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Figure 2: A heatmap of the TFR of all districts of
Assam compared to national TFR (2.00) for 2019-
21 (Source - NFHS-5)
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The socio-economic contrasts among Assam’s dis-
tricts are shaped by geographical, demographic, and
developmental factors, with urban centres like
Kamrup Metropolitan, Nagaon, and Dubragarh
showcasing better infrastructure, education,
healthcare, and economic diversification compared
to rural or hilly regions such as Karbi Anglong or Di-
ma Hasao. Districts like Goalpara, Morigaon, and
Lakhimpur rely heavily on agriculture due to fertile
Brahmaputra River lands but face challenges like
flood management, while areas like Sonitpur benefit
from tourism (e.g., Kaziranga National Park) for addi-
tional revenue streams. Literacy rates vary signifi-
cantly, with districts like Kamrup Metropolitan,
Jorhat, and Sivsagar having higher levels than Dhu-
bri, Darrang, and Chirang, which remain below na-
tional and state averages. These disparities influence
fertility trends: urban areas with higher literacy,
economic opportunities, and healthcare access tend
to have lower fertility rates due to education-driven
family planning and reduced infant mortality,
whereas rural and tribal regions often maintain tra-
ditional norms favouring larger families due to reli-
ance on agriculture or limited access to services.
Overall, socio-economic conditions shaped by educa-
tion, infrastructure, cultural norms, and policy im-
plementation create a complex landscape that drives
varying fertility trends across Assam’s districts.8-11

This study is an attempt to study the disparity in the
fertility curve of all 33 districts of Assam and the so-
cio-demographic contrast and whether they differ
significantly among them. However, managing and
comparing 33 districts may be cumbersome and un-
fruitful, as we may fail to discover any hidden pat-
tern among the districts. Therefore, we tried to
group them based on similarity of fertility trend for a
convenient comparison and interpretability.

Researchers have employed a diverse range of clus-
tering techniques to group Indian states and districts
based on various characteristics. Hierarchical clus-
tering, particularly agglomerative hierarchical clus-
tering, represents one of the most straightforward
and widely used approaches. This method starts with
individual data points as separate clusters and pro-
gressively merges with similar clusters until a single
large cluster is formed. When applied to Indian con-
texts, hierarchical clustering has proven effective for
analysing COVID-19 patterns!?, nutritional status at
district levels!3, and patterns of missing children’s
cases!,

K-means clustering, a non-hierarchical partitioning
method, is another frequently applied technique for
analysing Indian states. This approach has been used
to classify districts based on infrastructure develop-
ment levels?5, analyse COVID-19 data across states
and union territories!®, and identify flood risk
zones!’. The K-means method is particularly valued
for its ability to produce clear, distinct groupings that
can inform policy decisions.

A detailed analysis of age-specific fertility rates (AS-
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FRs) provides a nuanced understanding of how many
children people have at different ages within specific
regions. This study specifically examines district-
level ASFRs in Assam using cluster analysis to identi-
fy distinct groups with similar fertility characteris-
tics. We choose K-means clustering for grouping dis-
tricts of Assam into similar groups because of the na-
ture of the data. The K-means clustering algorithm
performs better for numeric data!8 and as we are try-
ing to find similarity of districts based on the single-
year ASFR, the K-means is best suited for this study.

METHODOLOGY

Source of Data: The National Family Health Survey
(Round-5,2019-2021) dataset for Assam contains in-
formation on 34,979 women in the age groups 15-49,
out of which 27,215 are ever-married. The sample
size of 34,979 women was deemed sufficient for dis-
trict-level ASFR estimation based on NFHS-5’s strati-
fied sampling design, though small sample sizes in
some districts may limit precision. For the calcula-
tion of Single Year Age-Specific Fertility Rates (AS-
FRs), the study used de-identified NFHS-5 data, ac-
cessed through the DHS Program with ethical ap-
proval from the International Institute for Population
Sciences (IIPS).1?

Fertility Rates: The age-specific fertility rate con-
siders the number of children that are being born to
k women (typically 1000) in that region during the
study period. The sum of each of these ASFRs gives
the Total Fertility Rate (TFR).

_ Total No of Children born to mother of age x

ASFR, = x k

Total Population of Women age x
49
TFR= ) ASFR,

The single-year ASFRs were computed for ages 15 to
49 using the calc_asfr() function from the demog-
surv package within R-Programming.20 TFR was cal-
culated as the sum of single-year ASFRs for ages 15-
49, expressed per woman, following standard demo-
graphic practice.2122

Clustering: To identify underlying subgroups within
the districts of Assam based on single-year ASFRs,
we employed k-means clustering, a widely used un-
supervised learning algorithm that partitions data in-
to k mutually exclusive clusters.2324 K-means is par-
ticularly suited for large datasets with continuous
variables and aims to minimise the within-cluster
sum of squares (WCSS), thus ensuring that individu-
als within a cluster exhibit maximal similarity while
maximising separation across clusters. Prior to clus-
tering, all input variables were standardised to en-
sure comparability of scales. To ensure a robust
analysis, we addressed issues with incomplete data
by implementing multiple imputation for any miss-
ing or zero Age-Specific Fertility Rate (ASFR) values,
and outliers were assessed using z-scores to ensure
robust clustering.
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Before applying the k-means clustering algorithm, an
essential preliminary step is to determine the appro-
priate number of clusters to be used. The literature
offers a variety of methods for estimating this num-
ber, each grounded in different theoretical consider-
ations. One widely used technique is the Elbow Meth-
od, which evaluates the total intra-cluster variation
typically measured as the within-cluster sum of
squares (WSS) as a function of the number of clus-
ters. The optimal number of clusters is identified at
the “elbow” point, where the rate of decrease in WSS
begins to level off.2> Another approach is the Average
Silhouette Method?¢, which calculates the average sil-
houette width for different values of k. The silhouette
value measures how similar an object is to its own
cluster compared to other clusters, and the optimal
number of clusters is the one that maximises this av-
erage. A third method, the Gap Statistic, compares
the observed WSS with that expected under a refer-
ence null distribution. The optimal number of clus-
ters is the value of k that yields the largest gap be-
tween the observed and expected values, indicating a
significant clustering structure.”

The optimal number of clusters was determined us-
ing a combination of the elbow method, silhouette
analysis, and the Krzanowski and Lai (KL) Index?s,
reflecting a balance between cluster homogeneity
and dispersion. This approach enables a data-driven
identification of homogeneous subgroups, facilitating
further comparative analysis across clusters.

The KL index proposed by Krzanowski and Lai is de-
fined as

L ‘ DIFF,
@ = |DIFF,4,

Where, DIFF, = (q — 1)?/P trace(W,_,) — q*/ trace(W,)

The value of q, maximizing KL, is regarded as spec-
ifying the optimal number of clusters2°.

The optimal number of clusters was selected by tri-
angulating results from the Elbow Method, Silhouette
Analysis, and KL Index, prioritizing the point of con-
vergence across these metrics. The NbClust package
(version 3.0.1) was used with default settings, in-
cluding distance metric = Euclidean, minimum clus-
ters (min.nc) =2, and method = “kmeans”, to find the
optimum number of clusters for our data. The pack-
age provides nearly 30 different indices to find the
optimum number of clusters including the KL index,
Silhouette, Gap etc.30

RESULTS

Fertility Rates: We calculated the single-year ASFRs
for India, all northeastern states of India, which in-
clude Assam, Arunachal Pradesh, Manipur, Meghala-
ya, Mizoram, Nagaland, Sikkim, and Tripura, and for
all 33 districts of Assam from the individual record
data of the fifth round of NFHS [see Table 1]. While
Manipur and Meghalaya have higher TFRs than the
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national TFR (TFR of India = 2.0), the remaining
northeastern states showed a lower TFR level, with
Sikkim being the lowest. In terms of district-level fer-
tility, Barpeta, Cachar, Chirang, Darrang, Dhubri,
Hailakandi, Hojai, Karbi Anglong, Karimganj,
Kokrajhar, Morigaon, Nagaon, South Salmara
Mancarhar, and West Karbi Anglong showed higher
TFR compared to the state TFR (TFR of Assam =
1.87), and the remaining were less than the state TFR
(Fig 3).

A comparison of the fertility pattern of Assam with
that of India reveals that Assam has a slightly higher
fertility in the 15-19 and 30-39 age ranges compared
to the national level. However, fertility is substantial-
ly lower in the 20-30 age range compared to the na-
tional ASFR (Fig 4) [Table 1].

Figure 5 depicts the age-specific fertility rate (ASFR)
per 1000 women across all districts of Assam, based
on calculated single-year ASFR. The vertical axis rep-
resents the age of women (15-49 years), while the
horizontal axis denotes the individual districts. The
intensity of the colour gradient corresponds to the
magnitude of the ASFR, with deeper shades of pink
indicating higher fertility rates. Additionally, aster-
isks (*) mark the modal age (i.e., the age group with
the highest ASFR) for each district. The heatmap vis-
ualization reveals several notable patterns. First, fer-
tility rates tend to peak within the age range of 20 to
25 years across most districts, consistent with de-
mographic patterns typical of early childbearing
populations. The mode (maximum ASFR) is predom-
inantly observed at ages 21, 22, or 23 in most dis-
tricts, signifying the concentration of childbearing
during early adulthood.

Districts such as Dhubri, Barpeta, and Goalpara ex-
hibit comparatively higher ASFR values, as evidenced
by more intense colour shades, particularly in the
early twenties. In contrast, districts like Kamrup
Metropolitan and Jorhat demonstrate lighter shades
throughout, indicating relatively lower fertility lev-
els. The presence of the mode at younger ages (e.g.,
19-20 years) in districts like Dhubri and South
Salmara Mankachar may reflect earlier initiation of
childbearing in these regions, potentially influenced
by sociocultural factors.

Furthermore, ASFR declines substantially after the
mid-twenties across all districts, with minimal fertili-
ty contribution observed after 35 years of age. Zero
ASFR values (represented by white shades in Fig 5)
in older age groups likely reflect small sample sizes
within certain districts, potentially affecting Total
Fertility Rate (TFR) estimates.

District Level 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 = 0.81,
which is significantly greater than the 0.5 threshold,
suggesting a high likelihood of grouping and hence
supporting the use of a clustering algorithm.31:32
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Table 1: Single Year ASFR (per 1000 women) of India and the North-Eastern States

Age India Assam Arunachal Manipur Meghalaya Mizoram Nagaland Sikkim Tripura
(in years) Pradesh

15 2.84 9.85 4.33 5.4 452 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 14293 1339 92.18 97.32 149.94 83.01 69.79 65.39 152.77
21 163.11 13541 96.67 119.31 140.2 80.25 80.07 45.33 134.79
22 175.69 14237 116.61 92.84 155.14 71.07 96.55 81.06 111.52
23 17443 134.58 111.79 106.81 128.54 120.92 95.09 53.14 77.14
24 168.97 128.19 11247 131.44 144.63 112.11 111.81 41.19 118.07
25 155.67 1223 109.58 126.79 146.33 115.84 83.86 54.77 112.06
26 141.12 10295 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 4421 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 26.62 215
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 0 221
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 4.07 191 20.78 1.64 0 0 0

46 0.33 0 478 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)

Total Fertility Rate in Northeast States Compared to India
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District Level Total Fertility Rate of Assam compared to the State Total

. Higher than Assam . Lower than Assam

Hailakandi
Karimganj
South Salmara Mancarhar
Dhubri
Nagaon
Darrang
Cachar
Barpeta

West Karbi Anglong
Morigaon
Hojai

Chirang
Kokrajhar
Karbi Anglong
Assam

Baska
Lakhipur
Bongaigaon
Goalpara
Majuli
Dhemaji
Sonitpur
Biswanath
Jorhat
Sivasagar
Udalguri
Kamrup
Charaideo
Tinsukia
Dima Hasao
Nalbari
Dibrugarh
Golaghat
Kamrup Metropolitan

<
-
n

TFR
Source: National Family Health Survey — 5 (2018-21)

3(b) Comparison of districts with State TFR
Figure 3: Total Fertility Rate of Northeastern States and Districts of Assam
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Fig 4: An area plot of the single year ASFR of Northeastern states in comparison to India, calculated from NFHS-5
(2019-21). The red dashed line presents the fertility curve of India. The vertical black dashed lines represent the modal
age of fertility with text indicating the modal age and highest fertility per 1000 women for the state.
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Heatmap of ASFR (Per 1000 Women) for the districts of Assam

Calculated based on NFHS-5 (2019-21)
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Figure 5: A heatmap for the ASFR’s (per 1000 women) of all the districts of Assam calculated from

NFHS-5 data

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 (Fig 6a) suggests that two clusters
are optimum to capture the distinct fertility pattern
of the districts of Assam. Accordingly, K-mean clus-
tering is performed in R with two centres. The spher-
ical clusters are found to be non-overlapping, indi-
cating maximum between cluster distance and min-
imal within cluster distance (Fig 6b). Sensitivity
analyses using hierarchical clustering confirmed the
robustness of the two-cluster solution, with similar
district groupings (results available upon request).

The 33 districts of Assam are divided into two
groups with Cluster 1 consisting of 24,142 members
and Cluster 2 containing 10,837 women [Table 2]
(Fig 6b). Cluster 1 has a TFR of 1.67 and Cluster 2 has
a TFR of 2.23. Also, Cluster 2 has consistently higher
fertility trend than Cluster 1 and the state fertility
rates (Fig: 7). Therefore, it is fair to call Cluster 1 as
“Low Fertility Zone” and Cluster 2 as “High Fertility

National Journal of Community Medicine | Volume 16 | Issue 09 | September 2025

Zone”.

Cluster 1 exhibits lower ASFRs across all age groups,
with a notable peak at ages 20-24 (120.4 per 1000
women) with modal age of fertility at 22 years, while
Cluster 2 shows higher ASFRs, peaking at ages 20-24
(162.4 per 1000 women) with a modal age of fertility
at 21 years, indicating delayed fertility in Cluster 1.

Table 2: Member districts in the two clusters

Clusters Districts

Cluster 1  Baksa, Barpeta, Biswanath, Bongaigaon,
Charaideo, Chirang, Darrang, Dhemaji,
Dibrugarh, Golaghat, Hojai, Jorhat, Kamrup,
Kamrup Metropolitan, Karbi Anglong,
Lakhimpur, Majuli, Morigaon, Nalbari, Sivasa-
gar, Sonitpur, Tinsukia, Udalguri

Cachar, Dhubri, Dima Hasao, Goalpara, Hail-
akandi, Karimganj, Kokrajhar,

Nagaon, South Salmara Mancachar, West Karbi
Anglong

Cluster 2
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Optimum Number of Clusters for Districts of Assam

K-Means Clustering of Districts of Assam
According to ASFR from NFHS5
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Figure 6: Cluster Analysis of districts of Assam

Age-Specific Fertility Rate (ASFR) Comparison: Assam vs the two clusters
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Figure 7: A comparison of the ASFR pattern between Assam and the two clusters of districts with that
of India
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Proportional Distribution of No of Children Ever Born

by Cluster (Ever Married)
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Figure 8: An area plot comparing the distribution of number of children ever born between the two

cluster of districts

Between Cluster Comparison: We performed some
Pearson’s Chi Square test of independence to com-
pare a few socio - demographic characteristics,
which may affect the fertility of the women in the
two clusters for a better characterization of the two
clusters. Chi-square tests assume independence of
observations, which may be violated due to geo-
graphic 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 clus-
ters but since the median and inter-quartile range
(IQR) are identical we opted for the Yuen'’s robust t-
test for trimmed mean.

A univariate binary logistic model was run to calcu-
late the odds of being a member of Cluster 1 com-
pared to Cluster 2. An odds ratio greater than 1 indi-
cates that the category has more change of being in
Cluster 1 compared to Cluster 2, while a value far be-
low 1 indicates that the category is more prominent
in Cluster 2 [Table 3].

DISCUSSION

A Geo-spatial visualization of the districts in the two
clusters showed a distinct pattern. Districts in a par-
ticular belt or region are found to be members of the
same cluster. While cluster 1 of districts are in a con-
tinuous range of area, cluster 2 of districts are in two
different but neighbouring ranges of area (Fig 6c).
The geographic clustering of districts in Cluster 2
(e.g., Cachar, Dhubri) may reflect cultural practices
favouring larger families or limited healthcare ac-
cess, consistent with Deka & Sarma (2022).10 A com-
parison of the single year ASFR of the two clusters
with that of state fertility trend reveals that the clus-
ter 2 of districts have consistently higher fertility
rates throughout the fertility period (Fig: 7) with a
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peak fertility trend in the 20 - 25 age range.

A further investigation revealed some key difference
between the two clusters. A significantly higher pro-
portion of women in cluster 1 (Low Fertility Zone)
has attained higher education compared to cluster 2
(High Fertility Zone) (OR: 1.75, 95% CI: 1.58 - 1.95,
p<0.001), whereas, the proportion of woman with
primary education is higher in cluster 2 (OR: 0.88,
95% CI: 0.81 - 0.95, p<0.001). A significantly higher
proportion (77%) of members in Cluster 1 speak the
state language (Assamese), while Cluster 2 has equal
proportion of Assamese and Bengali speaking mem-
bers (40.5% and 40.8% respectively). The Cluster 1
has a higher proportion of Hindu population (73.9%)
while Cluster 2 has an almost equal proportion of
Hindu and Muslim members (45.7% and 47.8% re-
spectively). Cluster 1 has a significant proportion of
caste members (62.8%) while Cluster 2 has more
members that belong to neither any caste nor tribe
(46.9%). While it comes to physical fitness of the
women, Cluster 2 has higher proportion of non-
anaemic and normal BMI level women (41.34% and
72.34% respectively) compared to Cluster 1 (31.55%
and 65.89% respectively).

The median number of children ever born to the
mothers in both clusters are 2 with an IQR of (1-3),
however, the concentration around the median dif-
fers significantly as evident by a median test (Wil-
coxon Sign Ranked test: p <0.001). Despite similar
medians and IQRs across groups, distributional
asymmetries likely contributed to this result. A
Yuen'’s robust t-test comparing 20% trimmed means
of total number of children ever born across the two
clusters (restricted to ever-married individuals) re-
vealed a statistically significant difference, t
(9419.79) = 14.87, p <0.001. The estimated trimmed
mean difference was 0.27 (95% CI: 0.31 to 0.23),
with an explanatory effect size (¢) of 0.15, indicating
a small but meaningful effect.
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Table 3: Comparison of some key socio-demographic characteristic of the women in the two clusters
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Demographic N Assam Cluster 1 Cluster 2 TFR  OR (95% CI)$ Between Cluster
Characteristic N = 24,142 N =10,837 (Cluster 1 vs. Cluster 2) Comparison
Highest educational level 34,979
No education 6,515 (18.63%) 4,442 (18.40%) 2,073 (19.13%) 2.27 161 (<0.001)1
Primary 4,700 (13.44%) 3,067 (12.70%) 1,633 (15.07%) 229  0.88(0.81-0.95)***
Secondary 21,021 (60.10%) 14,467 (59.92%) 6,554 (60.48%) 1.87 1.03(0.97-1.09)
Higher 2,743 (7.84%) 2,166 (8.97%) 577 (5.32%) 131  1.75(1.58-1.95)***
Type of place of residence 34,979
Urban 4,291 (12.27%) 3,062 (12.68%) 1,229 (11.34%) 1.5 12.5 (<0.001)1
Rural 30,688 (87.73%) 21,080 (87.32%) 9,608 (88.66%) 1.93  0.88(0.82-0.94)***
Native language of respondent 34,979
Assamese 22,976 (65.69%) 18,590 (77.00%) 4,386 (40.47%) 1.75 5793 (<0.001)?
Bengali 6,498 (18.58%) 2,073 (8.59%) 4,425 (40.83%) 234 0.11 (0.10-0.12)***
Other 5,505 (15.74%) 3,479 (14.41%) 2,026 (18.70%) 1.63  0.41(0.38-0.43)***
Religion 34,979
Hindu 22,782 (65.13%) 17,831 (73.86%) 4,951 (45.69%) 1.58 2623 (<0.001)1
Muslim 10,621 (30.36%) 5,445 (22.55%) 5,176 (47.76%) 2.38  0.29 (0.28-0.31)***
Others 1,576 (4.51%) 866 (3.59%) 710 (6.55%) 147  0.34(0.31-0.38)***
Ethnicity 34,979
Caste 19,311 (55.21%) 15,162 (62.80%) 4,149 (38.29%) 1.65 1992 (<0.001)1
Tribe 4,589 (13.12%) 2,977 (12.33%) 1,612 (14.87%) 1.56  0.51(0.47-0.54)***
Others 11,079 (31.67%) 6,003 (24.87%) 5,076 (46.84%) 226 0.32(0.31-0.34)***
Wealth index combined 34,979
Poorest 13,014 (37.21%) 8,381 (34.72%) 4,633 (42.75%) 2.28 388 (<0.001)1
Poorer 11,692 (33.43%) 8,093 (33.52%) 3,599 (33.21%) 1.81 1.24(1.18-1.31)***
Middle 5,971 (17.07%) 4,263 (17.66%) 1,708 (15.76%) 149  1.38(1.29-1.47)***
Richer 3,160 (9.03%) 2,421 (10.03%) 739 (6.82%) 1.38  1.81 (1.66-1.98)***
Richest 1,142 (3.26%) 984 (4.08%) 158 (1.46%) 1.18  3.44 (2.91-4.10)***
Anaemia level 26,464
Severe 577 (2.18%) 447 (2.45%) 130 (1.58%) 1.46 283 (<0.001)1
Moderate 9,193 (34.74%) 6,783 (37.22%) 2,410 (29.25%) 2.09 0.79 (0.66-0.94)**
Mild 7,538 (28.48%) 5,245 (28.78%) 2,293 (27.83%) 1.86  0.67 (0.56-0.80)***
Not anaemic 9,156 (34.60%) 5,750 (31.55%) 3,406 (41.34%) 1.71  0.49 (0.41-0.59)***
Current contraceptive method 27215*
Not using 10,969 (40.30%) 7,768 (41.28%) 3,201 (38.11%) 1.54 24.3 (<0.001)1
Using Modern or Traditional Methods 16,246 (59.70%) 11,048 (58.72%) 5,198 (61.89%) 2.84 0.92(0.88-0.96)***
BMI Level 34,311
Underweight 5,823 (16.97%) 4,105 (17.37%) 1,718 (16.10%) 2.2 207 (<0.001)1
Normal 23,295 (67.89%) 15,574 (65.89%) 7,721 (72.34%) 1.92  0.84(0.79-0.90)***
Overweight 4,369 (12.73%) 3,271 (13.84%) 1,098 (10.29%) 1.35 1.25(1.14-1.36)***
Obese 824 (2.40%) 688 (2.91%) 136 (1.27%) 117  2.12(1.76-2.58)***
Total Children Ever Born, Median (IQR) 27215%  2(1,3) 2(1,3) 2(1,3) 14.87 (<0.001)2
Total No of Living Children, Median (IQR) 27215% 2(1,3) 2(1,3) 2(1,3) 15.39 (<0.001)2

1Pearson's Chi-squared test; 2Yuen's test for trimmed means; *Ever married sample; $Cluster 2 as reference category
0dds ratios were calculated with Cluster 2 (High Fertility Zone) as the reference category, where an OR > 1 indicates a higher likelihood of belonging to Cluster 1 (Low Fertility Zone).
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A closer inspection reveals that the distribution of
number of children born is left skewed from the me-
dian for cluster 1 and right skewed for cluster 2.
While cluster 1 has a higher proportion of 0-2 chil-
dren, cluster 2 has higher proportion of 3-6 children
(Fig: 8). However, the differences in fertility may also
be influenced by unmeasured factors such as access
to contraception or healthcare services, which war-
rant further investigation.

Our findings align with Joshi et al. (2021)1, who not-
ed spatial variations in contraceptive use across In-
dian districts, suggesting that lower fertility in Clus-
ter 1 may be linked to higher contraceptive preva-
lence.

The analysis of the two distinct clusters reveals sig-
nificant socio-demographic differences that have im-
portant implications for policy development tailored
to each cluster's specific needs. In particular, Cluster
1 (Low Fertility Zone) is characterized by higher ed-
ucational attainment among women and a predomi-
nant state language-speaking population with a ma-
jority being Hindu caste members. This suggests pol-
icies in these districts might focus on maintaining or
enhancing the existing educational infrastructure
and supporting cultural preservation initiatives that
respect the linguistic and religious demographics.

Cluster 2 (High Fertility Zone) presents unique chal-
lenges and opportunities due to its higher fertility
rates, lower educational attainment among women, a
more diverse language composition with significant
Bengali speakers, and balanced Hindu-Muslim popu-
lations. For these districts, policy interventions could
be specifically designed to address the drivers of
high fertility. This includes enhancing female educa-
tion as it is strongly associated with reduced fertility
rates; initiatives could involve scholarships for girls'
education or adult literacy programs aimed at wom-
en already out of school. Moreover, improving access
to family planning services in Cluster 2 can empower
women with more control over their reproductive
choices, potentially leading to a decrease in the high
fertility trends observed.

Additionally, considering the physical health aspects
revealed by the higher proportion of non-anaemic
and normal BMI level individuals in Cluster 2 com-
pared to Cluster 1, policies could also incorporate
nutritional programs targeted at improving overall
community health. Such comprehensive strategies
would not only address immediate demographic
concerns but also contribute to long-term socio-
economic development goals for these high fertility
areas.

In essence, adopting zone-specific policies that con-
sider the unique characteristics of each cluster will
be crucial in effectively managing and supporting
their developmental trajectories. These tailored ap-
proaches can ensure more equitable resource distri-
bution and maximize the positive impact on commu-
nity well-being across both clusters.
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However, it should be noted that NFHS-5 data may
be subject to recall bias in fertility reporting, and in-
complete coverage in remote districts could affect
ASFR estimates. These limitations should be consid-
ered when interpreting results.

CONCLUSION

This study identified two distinct fertility zones in
Assam, with Cluster 1 (Low Fertility Zone) character-
ized by higher education and Assamese-speaking
populations, and Cluster 2 (High Fertility Zone)
marked by lower education and a higher proportion
of Bengali-speaking and Muslim populations. 11 out
of 33 districts were found to have higher TFR than
the national TFR (2.0). The data comprised of mostly
rural dweller (87.73%), with one third of the sam-
pled population being Hindu and Assamese speaking.
More than 70% of the sampled women are catego-
rized as either poorest or poor and a high percentage
(65.40%) were found to be anaemic. A cluster analy-
sis suggested a 2-cluster division with 23 districts
identified as “Low Fertility Zone” and 10 districts
were identified as “High Fertility Zone”. The two
zones differ significantly in terms of the education at-
tainment, religion, caste, physical fitness etc. of the
mothers. This study is a humble attempt to geospa-
tial grouping based on human fertility; further analy-
sis would help identifying more key factors that are
contributing to these differences so that more zone-
specific policies can be adopted to restrict the fertili-
ty patters of the region in an optimal level. Future re-
search should explore longitudinal trends in ASFRs
and incorporate additional variables, such as contra-
ceptive access and maternal healthcare utilization, to
elucidate causal pathways.
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