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ABSTRACT

Relevance. Child malnutrition in Nigeria exhibits significant geographic varia-
tion, shaped by environmental, socio-economic, and demographic factors. Un-
derstanding this spatial multiplicity is central to designing targeted and effec-
tive interventions.

Research objective. To identify and map geographic clusters (hotspots and
coldspots) of child malnutrition and to examine the factors influencing child
malnutrition across senatorial districts in Nigeria.

Data and methods. Using data from the 2018 Nigeria Demographic and Health
Survey (NDHS), this study employed spatial autocorrelation and spatial regres-
sion models to examine the distribution and determinants of child malnutri-
tion across 109 senatorial districts.

Results. Findings reveal significant spatial clustering of undernutrition indi-
cators such as stunting, underweight, and wasting, particularly in Northwest-
ern and Northeastern states such as Sokoto, Zamfara, Kebbi, Yobe, Borno, and
Kano. Conversely, lower malnutrition rates (cold spots) are observed in the
Southwest, South-South, Southeast, and select North-Central districts. Positive
Moran’s I value confirms spatial dependence in undernutrition, while overnu-
trition showed no such pattern. Key predictors include maternal education, ma-
ternal BMI, household size, maternal age, wealth index, Vitamin A supplemen-
tation, farm size, rainfall, and senatorial district area.

Conclusions. The study highlights the critical role of geography in malnutri-
tion outcomes, emphasising the identification of hotspots and cold spots as
a basis for intervention. It underscores the need for district-specific policies
that are spatially targeted, taking into account localised drivers of malnutrition,
to enable more efficient resource allocation and improve nutritional outcomes.
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AHHOTAIINA

AxTyanpHOCTD. [leTckoe Hemoenanue B Hurepum xapakrepusyeTcs 3Ha4u-
Te/IbHOI reorpaduyecKkoil BapuaTUBHOCTBIO, 00YC/IOBIEHHOI SKOIOTMYeCKM-
M, COL/aNbHO-9KOHOMMYECKMMIY U feMorpadudeckumu ¢paxropamu. I[Tonn-
MaHue 9TOil MPOCTPAHCTBEHHOI MHOXXECTBEHHOCTI MMeEET K/II0UeBOe 3Hade-
HIe /I pa3paboTKM afipecHBIX U 9¢(HeKTUBHBIX Mep BMELIAaTeIbCTBA.

ITenu nccnemoBanms. BeraButh 1 kaprorpadupoars reorpadudeckie Kiacre-
PpbI (TopsdMe ¥ XOIOAHBIE TOYKM) HEeTCKOTO HEOEaHNs, @ TAK)XKe U3YIUTh (ak-
TOPBI, B/IVAIOLIYE Ha JeTCKOe HefloeflaHe B CEHaTOPCKUX oKpyrax Hurepuu.
JJaHHBIe 1 MeTOMBI. B JTaHHOM MCCIeROBaHMM ObIIN [IPUMEHEHbI METORbI IIPO-
CTPaHCTBEHHOII aBTOKOPPEISALNUN U IPOCTPAHCTBEHHBIE PETPECCUOHHbBIE MO-
Jenu OJIsl USYYeHUs paclpefe/ieHNsA M JeTePMUHAHT JeTCKOTO HefoedaHUs
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1o 109 ceHaTOpCKMM OKpyraM IIpM MCIOIb30BaHMM HGaHHbIX Hurepuiickoro
femorpaduyeckoro 1 MeguuHcKkoro obcnenosanus 2018 roga (NDHS).
Pesynprarel. [lonydueHHble faHHBIE CBUAETEIbCTBYIOT O 3HAYUTEIBHON MIPO-
CTPAHCTBEHHOJ K/IaCTepy3aL{i ITI0Ka3aTesIell He[OCTaTOYHOCTY IINTAHNA, Ta-
KX KaK 3ailep>kKKa POCTa, HeLOCTATOYHBII BeC I MICTOLIeHIe, 0COOEHHO B Ce-
BepO-3allafIHbIX M CeBEPO-BOCTOUHbIX WITATaX, Takux kak Cokoro, 3amdapa,
Ke66u, Vio6e, Bopro u Kano. M Hao60poT, 60/ee HU3KIe OKa3aTem HeO-
efaHus (XONMOgHBIE TOYKM) HAOMIONAIOTCS B IOrO-3alafHbIX, FOrO-I0KHDIX,
FOT0-BOCTOYHBIX U HEKOTOPBIX CEBEPO-L[eHTPANbHBIX OKpyrax. [lomoxxmrens-
HOe 3HaueHue MHAeKca MopaHa MOATBePXKaeT MPOCTPAHCTBEHHYIO 3aBIUCH-
MOCTb B OTHOIIEHUY HEFOCTATOYHOCTY IUTAHMs, B TO BpeMs KaK U306BITOY-
HOe MJTaHMe TAaKOJ 3aKOHOMEPHOCTH He MokKasano. KioueBble peqyuKTOpPDI
BK/IIOYaIOT oOpasoBaHue Matepy, VIMT Martepu, pasmep OMOXO3IICTBA, BO3-
pacT MaTepy, MHAEKC 6/Iar0COCTOSIHNA, IIpUeM B00aBOK C BUTAMUHOM A, pas-
Mep pepMBl, KOIMYECTBO OCAJKOB U IVIOIA/Ib CCHATOPCKOI'O OKPYTa.
BsiBoppl. VccnenoBanne OgYepKBaeT KPUTHIECKYIO POJIb Teorpaduu B wc-
XOZlaxX HefoeNaHNsI, aKLEHTUPYs BbISIBIEHIE TOPAINX U XOMOFHBIX TOUEK KaK
OCHOBY [/I1 MHTEpPBEHIMIT. JTO yKas3blBaeT Ha HEOOXOAMMOCTDb ITOTMUTUKIL,
crienUIHOI I KAKHOT0 OKPYra U IPOCTPAaHCTBEHHO-OPUEHTHPOBAHHOI,
YIUTHIBAIOLIEN JIOKa/IbHble (aKTOPBI HEOeHaHus, YTOOBI 0becednTsb 6oree
a¢ddexTUBHOE pacnpesiesieHe pecypCoB M YAYYIINTD IOKA3aTeN TUTaHUA.
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Introduction

Nutrition plays a critical role in a child’s
health, productivity, and survival, especially with-
in the first 2,000 days of life (Skouteris et al., 2021;
Life Course Centre, 2017'). Malnutrition, defined
as insufficient (undernutrition) or excessive (over-
nutrition) caloric intake, remains a global public
health challenge (WHO, 20232). Undernutrition
manifests as stunting, wasting, underweight, and
micronutrient deficiencies, while overnutrition
leads to obesity and diet-related diseases (WHO,
2016°, 2020*). Globally, approximately 149 mil-
lion children under five are stunted, 45 mil-
lion are wasted, and 37 million are overweight
or obese. Sub-Saharan Africa and Asia bear the
highest burden, with over half of under-five chil-
dren stunted and two-thirds experiencing wasting
(UNICEE 2021°). Additionally, nearly half of all
under-five deaths worldwide have been attribut-
ed to malnutrition, with the majority occurring in
sub-Saharan Africa and South Asia (WHO, 2023;
World Bank,2023¢). The risk of a child dying be-
fore completing five years of age is also highest in
Africa (90 per 1000 live births), and this is about
7 times higher than in Europe, which was estimat-
ed at 12 per 1000 live births. (UNICEEF, 20197).

! Life Course Center. (2017). The first 2,000 days and
child skills: Evidence from a randomized experiment of
home visiting. Institute for Social Science Research, The Uni-
versity of Queensland, UQ Long Pocket Precinct: Indooroop-
illy, QLD, Australia.

2 ‘World Health Organization, United Nations Children’s
Fund, & International Bank for Reconstruction and Develop-
ment / The World Bank. (2023). Levels and trends in child mal-
nutrition: Joint child malnutrition estimates 2023 edition (Key
findings). UNICEE, WHO & World Bank Group.

* World Health Organization (WHO). (2016). Global da-
tabase on child growth and malnutrition. Retrieved from: http://

www.who.int/nutgrowthdb/about/introduction/en/index2.
html. (date of access: 15.06.2025).

* World Health Organization (WHO). (2020). WHO An-
thro Survey Analyser and other tools. Retrieved from: https://
www.who.int/childgrowth/software/en/. (date of access:
15.07.2025).

> UNICEE. (2021). Nutrition: Investing in the future of Ni-
geria. UNICEF Nigeria. Retrieved from: https://www.unicef.
org/nigeria/nutrition. (date of access: 15.06.2025).

¢ ‘World Bank. (2023). Nutrition. World Bank Publication.
Retrieved from: https://www.worldbank.org/en/topic/nutri-
tion/overview (date of access: 10.06.2025).

7 UNICEE (2019). Malnutrition definition. Retrieved
from: http://www.unicef.org/2019n4/malnutritiondefinition.
html (date of access: 10.06.2025).
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In Nigeria, malnutrition is particularly alarm-
ing, with 43.6 % of children under five classified as
severely malnourished (John et al., 2024). Based
on the WHO classification, malnutrition statis-
tics in Nigeria are considered to be generally un-
acceptable. The level of malnutrition has remained
precarious, given its value of 9 % in 1990 (NDHS,
19908) and 7% in 2018 (NBS, 2018°). More re-
cently, the prevalence of malnutrition among chil-
dren under five years in Nigeria ranges from 7.2 %
for stunting to 61 % for wasting and underweight
(John et al., 2024). More disturbing is the fact that
Nigeria ranks third in terms of countries with high
rates of malnutrition (World Population Review,
20241'). In addition, available evidence shows that
this situation is particularly more pronounced
among children in rural areas where poverty is
more endemic (Adeyeye et al., 2021). Currently,
Nigeria ranks 146th out of 166 countries in terms
of progress towards meeting the Sustainable De-
velopment Goals (SDGs) (SDR, 2023'"). Available
statistics reveal that about 31.4% of children in
Nigeria are stunted, 18.4 % are underweight, and
6.5 % are wasted as of 2020 (World Bank, 202112).

In an attempt to grapple with the devastat-
ing level of malnutrition, Nigeria has implement-
ed several interventions. These interventions in-
clude the Integrated Maternal Newborn and
Child Health (IMNCH) strategy which was estab-
lished in 2007 to provide a structural framework
for the attainment of goals 4 and 5 of MDG; Scal-
ing Up Nutrition (SUN) movement (2009) which
seeks to unite stakeholders to improve nutrition;
Ending Preventable Child and Maternal Deaths;

8 Nigeria Demographic and Health Survey (NDHS).
(1990). Nigeria Demographic and Health Survey. Calverton,
Maryland : National Population Commission and ORC Macro.

° NBS. (2018). National Nutrition and Health Survey
(NNHS). Report on the Nutrition and Health Situation of Nige-
ria, June 2018.

1 World Population Review. (2024). Malnutrition rate by
country 2024. Retrieved from: https://worldpopulationreview.
com/country-rankings/malnutrition-rate-by-country (date of
access: 12.06.2025).

! Sustainable Development Report (SDR). (2023). Rank-
ings: The overall performance of all 193 UN Member States. Re-
trieved from: https://dashboards.sdgindex.org/rankings (date
of access: 15.06.2025).

2 World Health Organization (WHO), United Nations
Children’s Fund (UNICEF) & World Bank Group. (2021). Lev-
els and trends in child malnutrition: UNICEF/WHO/World
Bank Group joint child malnutrition estimates: Key findings of
the 2021 edition. Geneva : World Health Organization.
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and ‘A Promise Renewed’ established in 2012 to
reduce under-5 mortality to 20 or fewer deaths per
1,000 live births by 2035. Other initiatives are the
Saving One Million Lives Initiative (2012), Zero
Hunger Initiative (2016), and National Strategic
Plan of Action for Nutrition (2014-2019), among
others (Okoli", 2021). However, despite these ef-
forts, malnutrition rates remain persistently high,
especially at subnational levels, indicating that ex-
isting programs have not effectively reached the
most vulnerable populations.

A major shortcoming of past interventions is
their failure to account for spatial multiplicity,
making it difficult to tailor responses to specif-
ic local needs. Most studies and policies (Egbi et
al., 2020; NPC & ICF, 2019"*) have adopted a na-
tional or regional perspective, thereby overlook-
ing the district-level spatial multiplicity of child
malnutrition, that is, the unequal distribution of
nutritional outcomes across geographic locations
due to variations in environmental, socioeconom-
ic, and physical conditions (Dutilleul, 2011). Fur-
thermore, geographic units do not exist in isola-
tion but interact with neighbouring areas, lead-
ing to spatial dependence wherein districts with
high malnutrition prevalence (hotspots) tend to
be bordered by similarly affected areas, while dis-
tricts with low prevalence (cold spots) also cluster
together (Sandler & Sun, 2024). Despite this, few
empirical studies in Nigeria have employed spatial
analytical techniques to uncover these geographic
patterns or capture spatial spillover effects in mal-
nutrition outcomes.

Although the importance of geography in un-
derstanding child malnutrition is well acknowl-
edged, existing literature lacks comprehensive
spatial analyses at the subnational level in Nigeria,
particularly using senatorial districts as the unit
of analysis. This gap hampers the ability of pol-
icymakers to implement geographically targeted
and context-specific interventions. Therefore, the
study objectives are to identify and map the geo-
graphic clusters (hotspots and coldspots) of child

3 Okoli, D.N. (2021). Charting a roadmap to achieving
the sustainable development goals in Nigeria. University-led
knowledge and innovation for sustainable development, p. 81.
[Publisher].

1 Population Commission (NPC) [Nigeria] and ICE
(2019). Nigeria Demographic and Health Survey 2018. Abu-
ja, Nigeria, and Rockville. Maryland, USA: NPC andICF. Re-
trieved from: https://dhsprogram.com/publications/publica-
tion-fr359-dhs-final-reports.cfm (date of access: 15.06.2025).
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malnutrition as well as examine the factors influ-
encing child malnutrition in this area across Ni-
geria. By identifying spatial clusters of malnutri-
tion and analysing their underlying determinants,
this study contributes to the literature by offering
a fine-grained, geospatial understanding of child
undernutrition and overnutrition in Nigeria. It
provides the evidence base necessary for dis-
trict-specific, data-driven interventions that align
resources more efficiently, especially critical giv-
en Nigeria’s economic constraints and persistent
health inequalities.

Theoretical basis
Empirical Insights into Child Malnutrition
and Geographic Disparities

According to Khan and Moherty (2018), mal-
nutrition is a geospatial public health issue: spa-
tial patterns influence distal determinants of nu-
trition, affecting food availability due to differing
agricultural yields. Child malnutrition is spatial-
ly heterogeneous rather than uniform. Spatial
heterogeneity theory explains that economic, so-
cial, environmental, and health phenomena vary
across locations (Anselin, 1988; Fotheringham et
al., 2002). In Nigeria, persistent hotspots exist in
the North West and North East (Ekholuenetale et
al., 2018), with stunting and underweight strong-
ly linked to low maternal education, household
wealth, and rural residence. Studies applying this
theory include Olabamiji and Ajala (2024) and
Gordeev et al. (2021). Spatial dependence theory
highlights that neighbouring areas influence each
other through markets, migration, culture, health
services, and agricultural shocks, so malnutrition
clusters are correlated (Cliff & Ord, 1981; Getis
& Ord, 1992). Human Capital theory links mal-
nutrition to reduced cognitive development, pro-
ductivity, and GDP loss (Li et al., 2023). Inaction
costs Nigeria US$56 billion annually (Jain et al,,
2024), while interventions yield high returns. Spa-
tial analyses in Nigeria and Ethiopia reveal per-
sistent northern malnutrition hotspots associated
with poor sanitation, diet, wealth, maternal edu-
cation, and rural residence (Seboka et al., 2022).
Mapping hotspots and cold spots supports dis-
trict-specific interventions, improving nutrition,
human capital, and economic productivity.

Conceptual Framework

Persistent spatial disparities remain a ma-
jor policy challenge, driving inequality within
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Figure 1. Chart flow showing the determinants of the spatial multiplicity in Nigeria
Source: adapted from Jerumeh (2024).

countries. The new economic geography high-
lights that development is uneven within na-
tional borders. Marx’s and Smith’s theories ex-
plain that uneven development arises from di-
alectic spatial multiplicity, where some places
prosper and attract investment at the expense of
others. According to UNDP (2011%), these re-
sults from soft factors (socioeconomic character-

5 United Nations Development Programme (UNDP).
(2011). Human Development Report 2011: Sustainability and
equity: A better future for all. New York : UNDP.
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istics, social networks, human capital) and hard
factors (institutions, resource endowments, cli-
mate, economic and political conditions). Krug-
mans (1991) theory suggests that locations dif-
ferentiate into core and periphery. Core regions
are wealthier and more advanced, while periph-
eries lag (Klimczuk & Klimczuk-Kochanska,
2019). Accordingly, child malnutrition is expect-
ed to be higher in peripheral regions, and spatial
dependence implies that high- or low-malnutri-
tion areas cluster geographically. Other spatially
distributed factors influencing malnutrition in-
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clude health service access, quality of care, envi-
ronment, disease, education, institutions, political
structures, and resource availability (Obasohan et
al., 2024). The chart flow connecting spatial multi-
plicity and other determinants of child malnutri-
tion is presented in Figure 1.

Data and methods

The study used secondary data from the
2018 Nigeria Demographic and Health Survey
(NDHS), covering women (15-49), men (15-
59), and children under five across 1,400 EAs and
42,000 households in 1,389 clusters. Additional
geospatial data from NIMET, NBS, FAO, INEC,
and HGX (2019) included shapefiles, rainfall,
and soil productivity. Analyses were conducted at
the senatorial district level (all 109 districts). The
study employed the Anthropometric Index, Mo-
rans [ statistics, Ordinary Least Squares, and Spa-
tial Econometric Models (Spatial Error and Spa-
tial Lag), implemented in Stata 14.0, to identify
malnutrition patterns and assess spatial depen-
dence.

Anthropometric Measures

Undernutrition is measured by wasting, un-
derweight, and stunting, while overnutrition is as-
sessed via overweight and obesity. Wasting reflects
acute malnutrition; underweight and stunting in-
dicate chronic deficits. This study used NDHS
anthropometric data based on WHO 2006 stan-
dards (Turck et al., 2013). Undernutrition is clas-
sified as severe (<-3 SD), moderate (-3 to -2 SD),
and normal (= -2 SD) for WHZ, WAZ, and
HAZ (WHO, 2006); overnutrition is overweight
(WHZ > +2 SD) or obesity (WHZ > +3 SD) (Jaya-
tissa, 2021). To standardise anthropometric mea-
surements, Z-scores are computed following
the approach described by McLeod (2019). The
Z-score is calculated as shown in equation (1):
X, —u,
’J_“J, (1)

o

where Z = anthropometric indicator; X = un-
observed value of the i" child; 0 = mean of the
reference population; u = standard deviation of
the reference population.

Z;=

Moran’s I Statistic

Moran’s I is generally measured using global
or local measures of autocorrelation. Specifically,
the study will employ the Global Indicator Spa-
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tial Autocorrelation (GISA) and the Local Indi-
cator Spatial Autocorrelation (LISA) to estimate
Moran’s I.

Following Widi et al. (2013), the GISA equa-
tion is expressed and specified as follows (Equa-
tion 2):

__n zizdsid(q—a)(_cpd—a)
bO2ES, 2.2, (D, - D)

, (2)

where @ is the anthropometric value in district i,
® is the sample mean, ®_d is the neighbour’s val-
ue, and S_id is the spatial weight. Moran’s I rang-
es from -1 (negative correlation) to +1 (positive
clustering), with 0 indicating randomness (Jack-
son et al., 2009). Its expected value informs the
GISA index for assessing spatial patterns as de-
fined in quation (3):
-1
E(l)=—o:. (3)
n-1
As shown in equation 3, following Oliveau
and Guilmoto (2005'¢), E(I) is the expected value
of Moran’s I statistic, and the data pattern forms
clusters if I > E(I), random if I = E(I) and dis-
persed if I < E(I).
The local Moranss I is given as following (Levine,
2004) and given as expressed in equation (4):

=220y (s,0,-0), (4)

) d=1,d#1

where Is the average value of the anthropomet-
ric measure in the neighbouring districts (where
d # 1) and o? is the mean variance. LISA categoris-
es the SDs into four quadrants using the Z-scores
of the anthropometric indicators. These are areas
with High-High, Low-Low, High-Low, and Low-
High categories. SDs in the High-High and Low-
Low quadrants are the hotspots and coldspots, re-
spectively, while those in the quadrants with dis-
similar values (High-Low and Low-High) are
considered as outliers.

Spatial Regression Models for Determinants
of Child Malnutrition

According to Fisher and Wang (2011), the
starting point for the analysis of spatial regression

16 Qliveau, S. & Guilmoto, C.Z. (2005). Spatial correla-
tion and demography Exploring India’s demographic patterns’
paper presented at the XX Ve Congrés International de la Pop-
ulation. Tours, France.
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models is the estimation of the OLS model to de-
termine Moran’s [ statistics and the extent of spa-
tial autocorrelation in the error term. The OLS
model is generally expressed as shown in Equa-
tion (5):

R
:ZXirBr+ui’ (5)
r=1

where Y, Represent observations on the preva-
lence of underweight, X is the vector of explanato-
ry variables for the 7" variable, where r =1, ..., Q;
B, is the parameter estimate and p, Is the error
term. The decision to estimate a spatial lag or
a spatial dependence model depends on the type
of spatial dependence exhibited by the residuals
generated from the OLS. The spatial lag model or
spatial error model is then estimated depending
on the type of spatial dependence detected.

Spatial Lag Model

Spatial lag models are extensions of linear re-
gression models, which assume that the observa-
tions of a dependent variable Y in an area i (I =
1, ..., n) are affected by its observations in area
k (k # i). Generally, the spatial lag model is ex-
pressed as shown in equation (6):

Y, =BX, +yzka +ZX”B +H, (6)

r=1

where Y, and Y, Represent the proportion of un-
derwe1ght children in i and k locations, respec-
tively, y is the spatial autoregressive coefficient.
W, Is the n by n spatial weight matrix between
location i and k, B, is the parameter estimate and
u, The error term is identically and independently
distributed. Other variables are defined in Equa-
tion 5. The choice of underweight as a measure of
child malnutrition was used in the study because,
apart from being one of the most common mea-
sures of child nutritional status, WHO (2020) re-
vealed that an underweight child may be stunted,
wasted, or both. Although being overweight rep-
resents an indicator of over-nutrition among chil-
dren under five years, it was not considered in the
regression analysis due to the extremely low prev-
alence. The matrix notation of equation (5) can be
rewritten as specified in equation (7):

Y=yWY+XB+pn (7)

The type and definition of for this study are
given in equation 10.

R-ECONOMY J

Spatial Error Model
The spatial Error Model is given by

=AY WY te, (8)

where . Is the proportion of underweight in the i
th district, A is the spatial autoregressive parame-
ter, € It is a random error term. W, and Y, They
are defined in equation (4). The matrix notation of
equation (8) is written as shown in equation (9):

Y=AWe+p 9)

In sum, the general representation of the three
models adopted in this study is given as shown in
equation (10):

Y =P, + p,CSEX, + B,AGC, +
+ B,MEDUC, + p,HSIZ + B.BWIT, +
+ B, MAGE, + B,.CWE, + B,FEDUC, +
+ B, VITA, + B, FSIZ + p, NLIVES, +
+ B,,FOCP, + B, ,FEDUC, + B, PWI +
+ B, MWL+, RWI + 3 _AOD, +
+ B, AVR + . (10)

Y, Is the proportion of underweight in the ith
district. A detailed description of each explanato-
ry variable is given in Appendix A. The selection
of the explanatory variables was guided by theory
and empirical evidence from past studies (Alaba
& Olaomi, 2015; Olalude et al., 2017).

Results and Discussion
Prevalence of underweight, stunting, wasting
and overweight in the study population
Malnutrition in children under five is a ma-
jor public health concern with lasting effects on
their growth and development. Table 1 highlights
the prevalence of various forms of malnutrition
among children under five years in Nigeria, catego-
rised by severity levels based on the WHO growth
standards. For underweight, 21.83 % of children
are underweight (7.11 % severely, 14.72 % moder-
ately), while 78.16 % fall within the normal weight
range. However, a high proportion of moderate-
ly underweight cases suggests a widespread issue
of chronic or acute malnutrition, which may re-
sult from inadequate dietary intake, recurrent in-
fections, or socioeconomic factors. The percent-
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Table 1
Prevalence of underweight, stunting, wasting and overweight in Nigeria
o . Underweight Stunting (H/A) Wasting Overweight
Nutritional Indicator |y o) No, (%) No. (%) (W/H) No. (%) (OVT) No. (%)
< -2 SD/Severe 801 (7.11) 1,849 (16.55) 207 (1.85) 45 (0.40)
< -3SD/Moderate 1,658 (14.72) 2,202 (19.71) 556 (4.96) 188 (1.68)

Normal

8,801 (78.16)

7,120 (63.74)

10,450 (93.20)

10,980 (97.92)

Total

11,260 (100)

11,171 (100)

11,405 (100)

11,213 (100)

199

Source: authors’ computation from 2018 NDHS data.

age of children who are stunted in Nigeria is about
36.26% (16.55% severely, 19.71% moderately),
meaning nearly 1 in 3 children suffer from im-
paired growth. This may be attributed to the rea-
soning that stunting is a chronic form of malnutri-
tion, indicating long-term nutritional deficiencies,
poor maternal health, and repeated infections in
early childhood. Similar studies. While 6.81 % of
children are wasted (1.85 % severely, 4.96 % mod-
erately), the majority (93.20%) are within the
normal range. Wasting reflects acute malnutri-
tion, often due to food insecurity among house-
holds or infections. Though the prevalence is low-
er than underweight and stunting, the presence of
severe wasting (1.85%) is a public health concern
due to its strong association with increased child
mortality. Also, the study shows that Overweight
cases are low in Nigeria (2.08 %), with 0.40 % clas-
sified as severely overweight/obese and 1.68 % as
moderately overweight. The majority (97.92%)
have normal weight-for-height. Although under-
nutrition is the predominant issue, the presence
of overweight children suggests a growing dou-
ble burden of malnutrition where some children
are undernourished while others experience ex-
cess weight gain, possibly due to urbanisation, di-
etary shifts and sedentary lifestyles. These find-
ings are in line with a previous study (Sowunmi et
al., 2024) showing similar trends.

Assessing Spatial Dependence in children under
five years: Malnutrition across Neighbouring
SDs in Nigeria

Following Tobler’s (1970) first law of geogra-
phy, neighbouring locations, referred to as Sen-
atorial Districts (SDs) in this study, are likely to
share more similar characteristics than SDs that
are far apart. In this context, this section aims to
test whether there exists any form of association
between the nutritional outcomes of SDs in Nige-
ria using GISA.

Table 2 presents the results of spatial autocor-
relation analysis for stunting, underweight, wast-
ing, and overweight among children under five
years. The positive and significant values of Mo-
ran’s I suggest significant spatial dependence be-
tween neighbouring SDs in terms of undernutri-
tion outcomes. Specifically, the higher values of
Moran’s I compared to E(I) suggest that SDs with
similar values (high-high or low-low) of stunt-
ing, wasting, and underweight are spatially clus-
tered together. The very low p-value (p < 0.000)
further confirms that this clustering is highly un-
likely to be a result of random chance. In clearer
terms, when a high prevalence of stunting, wast-
ing, or underweight is observed in one sub-dis-
trict, there is a strong likelihood that neighbour-
ing sub-districts will also show similarly high
levels of these conditions. This spatial depen-

Table 2
GISA Estimates of Spatial Dependence for Under-Five Nutritional Outcomes
Test : : Statistics : :
Stunting Wasting Underweight Overweight

Moran’s I 0.343%** 0.077%* 0.272%%* -0.010
E () -0.009 -0.009 -0.009 -0.009
SD (I) 0.011 0.011 0.011 0.011
Z 30.651 7.817 24.614 -0.086
p-value 0.000 0.000 0.000 0.466

Source: authors’ calculations from 2018 NDHS data.
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dence implies that the distribution of these nutri-
tional outcomes is not random, but rather tends
to extend to surrounding geographical areas, sug-
gesting a pattern of clustering. These findings are
consistent with those of Muche et al. (2021), who
reported a global Moran’s I index value of 0.363,
indicating a clustering of the spatial distribution
of wasting, stunting, and underweight. This rein-
forces the notion that nutritional challenges like
stunting, wasting, and underweight are not iso-
lated but rather show regional tendencies, which
may point to common underlying factors affect-
ing these areas.

For overnutrition, measured using over-
weight, the results suggest a lack of significant spa-
tial dependence or clustering. The negative val-
ue of Morans I (-0.010) suggests a slight negative
spatial correlation, indicating that SDs with sim-
ilar values of overweight are somewhat dispersed
or not strongly clustered together. The non-signif-
icant p-value (0.466), however, shows that there is
not enough evidence of spatial dependence of
overweight among neighbouring senatorial dis-
tricts.

Mapping the Distribution of Malnutrition
Hotspots and Coldspots in Nigeria

Moving to the core of the analysis, Figures 2
to 5 depict the spatial distribution of malnutrition
hotspots and coldspots among children under

five in Nigeria. In the maps, red and orange-co-
loured areas indicate malnutrition hotspots at
1% and 5% significance levels, while blue and
light blue-coloured regions represent malnutri-
tion coldspots at the same significance levels. Sig-
nificant malnutrition hotspots are spatial clusters
of Senatorial Districts (SDs) with high and statis-
tically significant incidence (p < 0.05) of a spe-
cific nutritional outcome, surrounded by neigh-
bouring SDs with similarly high significance lev-
els. Conversely, significant malnutrition coldspots
represent spatial clusters of SDs with low and sig-
nificant malnutrition prevalence, surrounded by
districts with equally low and significant values.
The spatial distribution of malnutrition across
Nigeria reveals significant regional disparities.
Figure 2 identifies 26 senatorial districts (SDs) as
significant hotspots for stunting (p < 0.01), pre-
dominantly in northern Nigeria, including Soko-
to, Zamfara, Kebbi, Katsina, Kano, Jigawa, Bauchi,
Yobe, and Gombe. Additional hotspots (p < 0.05)
include Kaduna Central, Taraba North, Gombe
South, and Borno South. In contrast, 52 SDs,
mostly in the South, are significant coldspots
(p < 0.01). Similarly, Figure 3 shows that under-
weight hotspots closely follow the stunting pat-
tern, with 23 SDs, including Borno North, Bau-
chi North, and all SDs in Kebbi, Sokoto, Zamfara,
Katsina, Kano, Jigawa, and Yobe, exhibiting high
prevalence rates. Figure 4 highlights that wast-

Figure 2. Mapping the Spatial Clusters of Under-
Five Stunting across SDs in Nigeria
Source: developed by authors.
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Figure 3. Mapping the Spatial Clusters of Under-
Five Underweight across SDs in Nigeria
Source: developed by authors.
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Figure 4. Mapping the Spatial Clusters of Un-
der-Five Wasting across SDs in Nigeria
Source: developed by authors.

ing hotspots (p < 0.001) are concentrated in the
Northwest and Northeast, particularly in Soko-
to North, Zamfara West, Kebbi South, Yobe East,
Borno North, and Borno Central, whereas cold-
spots are identified in Ondo, Kogi, Edo, Delta,
Imo, and Bayelsa. In contrast, Figure 5 indicates
that the prevalence of overweight is minimal, with
no significant hotspots or coldspots. Overall, mal-
nutrition is more severe in the North, while the
South experiences lower rates. These patterns un-
derscore disparities driven by healthcare access,
poverty, and food insecurity, emphasising the
need for targeted interventions in the most aftect-
ed regions.

Summary Statistics of SDs in Underweight
Hotspots and Coldspots in Nigeria

The assessment of underweight hotspots
and coldspots across senatorial districts reveals
key differences shaping child malnutrition (Ta-
ble 3). While child characteristics such as sex, age,
and perceived birth weight show minimal varia-
tion, household structure differs notably; 96 % of
hotspot districts are male-headed compared to
76 % in coldspots, aligning with evidence that fe-
male-headed households often achieve better nu-
trition outcomes. Education remains a major pre-
dictor in the hotspots, with much lower maternal

R-ECONOMY J

Figure 5. Mapping the Spatial Clusters of
Under-Five Underweight across SDs in Nigeria
Source: developed by authors.

(1.27 years) and paternal (3.27 years) schooling
than in cold spots. Economic indicators, includ-
ing wealth index, farm size, and livestock owner-
ship, are also weaker in hotspots. These disparities
highlight priority areas for targeted interventions
to reduce underweight prevalence.

Determinants of Child Malnutrition in Hotspot
and Coldspot SDs
Analysis of Spatial Dependence and Model
Selection

The study applied a Spatial Regression Mod-
el to examine factors influencing child malnutri-
tion in Nigerias cold-spot and hotspot districts.
Following Fisher and Wang (2011), an Ordinary
Least Squares (OLS) model was first estimated
to guide the choice of spatial models. Diagnos-
tic tests in Table 4 assessed spatial dependence in
OLS residuals. For both coldspots and hotspots,
Moran’s I and Lagrange Multiplier tests were not
statistically significant (p > 0.05), indicating no
spatial autocorrelation. Specifically, Moran’s I was
-0.65 for coldspots and 0.57 for hotspots. These
results suggest that malnutrition patterns are like-
ly driven by localised factors rather than region-
al spillovers. Consequently, the OLS model was
deemed appropriate and used for both spatial
tracts.
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Table 3
Summary Statistics of SDs in Underweight Hotspots and Coldspots in Nigeria
Variable Hotspot - Coldspots -
Average S.deviation Average S. deviation
Percentage of female children 0.50 +0.05 0.49 +0.06
Age of child (months) 28.19 +1.83 28.44 +1.77
Perceived Weight at birth (kg) 2.67 +0.33 2.74 +0.20
Percentage of households with male heads 0.96 +0.04 0.76 +0.07
Average age of mother (Years) 34.91 +1.45 36.40 +1.46
Average years of mother’s education 1.27 +0.95 8.23 +1.82
Average years of father’s education 3.27 +1.64 9.60 +.1.56
Eszflepr;[teilgrel of fathers with Agriculture as the main 0.49 +0.16 0.34 +0.19
Average Mother’s BMI 21.86 £1.17 25.26 +1.28
Percentage of married household heads 0.96 +0.02 0.87 +0.06
Average Household size 9.06 +0.90 5.64 +0.66
Percentage of households residing in rural areas 0.78 +0.16 0.52 +0.29
Poor Wealth Index Household 0.56 +0.18 0.10 +0.10
Middle Wealth Index Household 0.10 +0.09 0.41 +0.15
Rich Wealth Index Household 0.34 +0.12 0.49 10.21
Percentage of households having livestock 0.74 +0.12 0.39 10.21
Average Farm size (hectares) 17.43 +7.99 11.83 +10.82
Coastal Border 0.04 +0.2 0.21 +0.41
International border 0.44 +0.51 0.07 10.26
Source: authors’ calculations from 2018 NDHS data.
Table 4
Diagnostic Tests for Spatial dependence in OLS regression for the Hotspots and Coldspots
Type of Spatial Test Coldspot SDs Hotspot SDs
Dependence Statistic Df p-value Statistic Df p-value
Moran’s I -0.65 1 1.49 0.57 1 0.57
Spatial Error Lagrange Multiplier (LM) 1.36 1 0.24 0.36 1 0.55
Robust LM 0.087 1 0.77 0.72 1 0.40
. LM 1.75 1 0.19 0.06 1 0.80
Spatial Lag
Robust LM 0.48 1 0.49 0.43 1 0.51

Source: authors’ calculations.

Factors Influencing Malnutrition within
the Identified Spatial Clusters

The study used underweight as a mal-
nutrition indicator due to its broad applica-
tion and its overlap with stunting and wasting
(WHO, 2020). Table 5 presents regression re-
sults for hotspots and coldspots. For hotspots,
the F-statistic is significant (p < 0.001), and an
R? of 0.71 indicates the model explains 71 % of
the variation in underweight incidence. The
coldspot model shows a lower R? but remains
significant at the 1 % level.
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Given the analysis was at the senatorial dis-
trict (SD) level, variable selection was based on
sample size: five variables were used for the small-
er hotspot sample, and ten for the larger coldspot
sample to preserve degrees of freedom and avoid
overfitting. Variables with VIFs below 5 and theo-
retical relevance were retained.

In hotspot SDs, household size was negatively
associated with underweight, suggesting that larg-
er households may benefit from shared caregiv-
ing and resource pooling. This aligns with find-
ings from Kumar et al. (2019). Wealth Index had
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Table 5
Determinants of the Incidence of Underweight in the Hotspot and Coldspot SDs
Variables OLS (Coldspots) OLS Model (Hotspots)
Marital Status 0.125 (0.09)
Household size (HSIZ) -0.05*** (0.01)
Average age of child (ARAB) 0.002 (0.004)
Average Birth Weight 0.02 (0.04)
Proportion of Female children 0.354 (0.27)
Received Vitamin A -0.052 (0.05)
Mother’s Age 0.003 (0.004)
Acceptable Mother’s BMI -0.012** (0.01) -0.01 (0.01)
Father’s Occupation 0.16 *** (0.06)
High Wealth Index -0.369** (0.16)
Middle Wealth Index -0.035 (0.07)
Low Wealth Index -0.287** (0.11)
Currently Breastfeeding 0.22 (0.17)
Rainfall (RAN) ~2.3E-04*** (5.7E-05)
Constant 0.93 (0.230) 1.78%* (0.55)
F (10,45) F (5,16)

Diagnostic Tests Prob>F = 0.0086 Prob>F = 0.0000

R Squared- 0.24 R Squared- 0.71

Root MSE= 0.04 Root MSE= 0.06

Source: authors’ calculations.

a strong effect higher wealth index reducing un-
derweight incidence by 36.9 %, reflecting health-
ier food choices and lifestyle (Anyanwu et al,
2022). In contrast, lower wealth index tends to
consume cheaper, nutrient-poor diets (Jin et al,,
2023). Rainfall was also negatively associated with
underweight, reinforcing its importance in food
security and health (Grace et al., 2015).

In coldspot SDs, higher maternal BMI signifi-
cantly reduced underweight, indicating the im-
portance of maternal nutrition for child health
(Miele et al., 2021). Children of fathers in agri-
culture were 16 % more likely to be underweight,
consistent with studies showing that small-scale
farming households may face seasonal food
shortages and low dietary diversity (Sowunmi et
al., 2024).

Interestingly, while a high wealth index re-
duced underweight in hotspots, a low wealth in-
dex was associated with reduced underweight in
cold spots. This may reflect differences in local
deprivation structures. In cold spots, even low-in-
come households may benefit from better com-
munity infrastructure and localised public ser-
vices, which mitigate the nutritional impact of
poverty (Headey et al., 2014).
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Figures in parentheses represent robust stan-
dard errors.

Model Diagnostics and Validation

Regression diagnostics (Table 6) confirm the
robustness of the results in Table 5. A marginal
Breusch — Pagan/Cook — Weisberg result for
coldspots (y*> = 3.34, p < 0.1) was corrected using
robust standard errors, while hotspots showed no
heteroscedasticity (p = 0.419). VIF values were all
below five, indicating no multicollinearity and en-
suring reliable coefficients.

Conclusions and Recommendations
Malnutrition in all its forms remains a major
public health concern. This study examined spa-
tial variations in malnutrition among children
under five and found clear geographic patterns.
Hotspots of stunting, underweight, and wasting
are concentrated in the North West and North
East, particularly Sokoto, Zamfara, Kebbi, Yobe,
Borno, Katsina, Jigawa, Bauchi, Gombe, Kadu-
na, and Kano, while coldspots are mainly in the
South and parts of North Central. Undernutrition
outcomes also exhibit spatial dependence, with
neighbouring senatorial districts influencing one

r-economy.com

Online ISSN 2412-0731


http://r-economy.com

R-ECONOMY, 2026, 12(2), 192-209 doi 10.15826 /recon.2026.12.2.012

204

Table 6
Tests for Heteroscedasticity and Multicollinearity in the Regression Models
Coldspots Hotspots
Test o R

Statistics Value Statistics Value
Heteroscedasticity (Breush-Pagan/Cook Weisberg Test) Chi2 (1), 334 Chi2 (1), 065

Prob>chi 0.068 Prob>chi 0.419
Multicollinearity (Variance Inflation Factor -VIF) VIF 1/VIF VIF 1/VIF
Marital Status 1.33 0.794 1.08 0.923
Household size
Average age of a Child 1.26 0.794
Average Birth Weight 1.33 0.751
Proportion of Female children 1.16 0.862
Received Vitamin A 2.09 0.479
Mother’s Age 1.55 0.645
Acceptable Mother’s BMI 1.50 0.668 1.32 0.756
Father’s Occupation 4.03 0.248 1.27 0.789
High Wealth Index
Middle Wealth Index 2.11 0.474
Middle Wealth Index 4.79 0.208
Currently Breastfeeding 2.36 0.424
Rainfall 1.14 0.875
Mean VIF 2.24 1.20

Source: authors’ calculations.

another. Key determinants include maternal edu-
cation, household size, maternal age, BMI, Vita-
min A supplementation, farm size, wealth index,
district area, and rainfall.

These findings underscore the need for dis-
trict-specific interventions, especially in north-
ern Nigeria. Given the influence of cultural and
religious norms on feeding and health behaviours,
engaging religious and community leaders is vi-
tal. Their participation can enhance awareness of
nutritious diets, breastfeeding practices, and vita-
min and mineral supplementation for women and
children. Because targeted interventions concen-
trate resources where malnutrition is most severe,
they generate greater public health impact while
reducing inefficiencies of broad, non-specific
programmes. Improving nutrition in these dis-

tricts will also reduce healthcare costs, strengthen
school performance, enhance economic produc-
tivity, and contribute to long-term GDP growth.

Since underweight cases are more common
among agricultural households, government and
state ADPs should promote livelihood diversifi-
cation through agro-processing, livestock farm-
ing, non-farm activities, capacity-building train-
ing, and improved access to credit. Addressing
wealth-related disparities through social invest-
ment programmes such as GEEP, AYEEN, and
GroFin is also essential. Lastly, improving ma-
ternal nutrition, especially among mothers with
low BMI, through better diets, health services,
and nutritional education will yield lasting ben-
efits for both child wellbeing and national pro-
ductivity.
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APPENDIX A
Levels and codes of explanatory variables
Variable Variable definition Source
AGC Average age of children in months per district NDHS 2018/2019
BWIT Average birth weight per district “
CSEX Proportion of female children per district «
MEDUC Average years of mother’s education per district «
BMI Average mother’s BMI per district
MAGE Average mother’s age per district “
HSIZ Average Household size per district “
CWE Average Child weight (kg) per district
FEDUC Average years of Father’s education per district «
FOCP Percent of Fathers employed in agriculture per district
VITA Proportion of children who received Vitamin A per district «
FSIZ Average Farm size per district (ha) «
NLIVES Average No. of livestock owned per district
OCCUP Proportion of household heads whose main occupation is farming per district «
LWI Proportion of households belonging to the poor wealth index class per district “
MWI Proportion of households belonging to the middle wealth index class per district
RWI Proportion of households belonging to the Rich wealth index class per district «
AVR Average annual rainfall per senatorial district NIMET

Note: “ = same as above.
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APPENDIX B
List of senatorial districts and their codes
D o D o D o
No. Senatorial District Code No. Senatorial District Code No. Senatorial District | Code
1 | ABIA CENTRAL ABC | 38 | EKITI SOUTH EKS | 75 | NIGER EAST NIE
2 | ABIA NORTH ABN | 39 |ENUGU NORTH ENN | 76 | NIGER NORTH NIN
3 | ABIA SOUTH ABS | 40 | ENUGU EAST ENE | 77 | NIGER SOUTH NIS
4 | ADAMAWA CENTRAL | ADC | 41 | ENUGU WEST ENW | 78 |OGUN CENTRAL | OGC
5 | ADAMAWA NORTH AND | 42 %ﬁ%{‘OLR%APITAL FCT | 79 | OGUN EAST OGE
6 | ADAMAWA SOUTH ADS | 43 | GOMBE CENTRAL GOC | 80 | OGUN WEST OGW
7 IE*}I\(;VFA'IBOM NORTH | AKE | 44 | GOMBE NORTH GON | 81 |ONDO CENTRAL | ONC
8 (}}%’?‘IBOM NORTH | xxw | 45 | GOMBE SOUTH GOS | 82 | ONDO NORTH ONN
9 |AKWA-IBOM SOUTH | AKS | 46 | IMO EAST IME | 83 | ONDO SOUTH ONS
10 | ANAMBRA CENTRAL | ANC | 47 | IMO NORTH IMN | 84 | OSUN CENTRAL 0SC
11 | ANAMBRA NORTH ANN | 48 |IMO WEST IMW | 85 | OSUN EAST OSE
12 | ANAMBRA SOUTH ANS | 49 | JIGAWA NORTH - EAST | JNE | 86 | OSUN WEST OSW
13 | BAUCHI CENTRAL BAC | 50 | JIGAWA NORTH - WEST | JNW | 87 | OYO CENTRAL oYC
14 | BAUCHI NORTH BAN | 51 | JIGAWA SOUTH - WEST | JSW | 88 | OYO NORTH OYN
15 | BAUCHI SOUTH BAS | 52 | KADUNA CENTRAL KAC | 89 |OYO SOUTH oYS
16 | BAYELSA CENTRAL BYC | 53 | KADUNA NORTH KAN | 90 | PLATEAU CENTRAL | PLC
17 | BAYELSA EAST BYE | 54 | KADUNA SOUTH KAS | 91 | PLATEAUNORTH | PLN
18 | BAYELSA WEST BYW | 55 | KANO CENTRAL KOC | 92 |PLATEAUSOUTH | PLS
19 | BENUE NORTH EAST | BNE | 56 | KANO NORTH KON | 93 | RIVERS EAST RIE
20 | BENUE NORTH WEST | BNW | 57 | KANO SOUTH KOS | 94 | RIVERS SOUTH EAST | RSE
21 | BENUE SOUTH BES | 58 | KATSINA CENTRAL KTC | 95 | RIVER WEST RIW
22 | BORNO CENTRAL BOC | 59 | KATSINA NORTH KTN | 96 | SOKOTO EAST SOE
23 | BORNO SOUTH BOS | 60 | KATSINA SOUTH KTS | 97 |SOKOTONORTH | SON
24 | CROSS RIVER CENTRAL | CRC | 61 | KEBBI CENTRAL KEC | 98 | SOKOTO SOUTH S0S
25 | CROSS RIVERNORTH | CRN | 62 | KEBBI NORTH KEN | 99 | TARABA CENTRAL | TAC
26 | CROSS RIVER SOUTH | CRS | 63 | KEBBI SOUTH KES | 100 | TARABA NORTH TAN
27 | DELTA CENTRAL DEC | 64 | KOGI CENTRAL KGC | 101 | TARABA SOUTH TAS
28 | DELTA NORTH DEN | 65 | KOGI EAST KGE | 102 | YOBE EAST YOE
29 | DELTA SOUTH DES | 66 | KOGI WEST KGW | 103 | YOBE NORTH YON
30 | EBONYI CENTRAL EBC | 67 | KWARA CENTRAL KWC | 104 | YOBE SOUTH YOS
31 | EBONYI NORTH EBN | 68 | KWARA NORTH KWN | 105 %Q%EARA CEN- ZAC
32 | EBONYI SOUTH EBS | 69 | KWARA SOUTH KWS | 106 | ZAMFARA NORTH | ZAN
33 |EDO CENTRAL EDC | 70 | LAGOS EAST LAE | 107 | ZAMFARA WEST | ZAW
34 |EDO NORTH EDN | 71 | LAGOS WEST LAW | 108 | BORNO NORTH BON
35 |EDO SOUTH EDS | 72 | NASSARAWA NORTH | NAN | 109 | LAGOS CENTRAL | LAC
36 | EKITI CENTRAL EKC | 73 | NASSARAWA SOUTH | NAS
37 | EKITI NORTH EKN | 74 | NASSARAWA WEST NAW
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