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Abstract 

Background: Reported breast cancer incidence in Nigeria is shaped by differences in 

diagnostic capacity and reporting between states. This examined the spatial and temporal 

pattern of DHIS2-reported breast cancer incidence across Nigerian states and its association 

with behavioural, socioeconomic and environmental factors. 

Methods: In this ecological study, annual breast cancer case counts for the 36 states and the 

Federal Capital Territory (FCT) from 2021 to 2025 were obtained from the District Health 

Information Software 2 (DHIS2) and converted to incidence rates per 100,000 women. 

Trends were assessed with the Mann-Kendall trend test and Sen’s slope, and spatial patterns 
with global and local Moran’s I. Associations between 2025 incidence and 15 risk-factor 

variables were examined with Spearman correlation and bivariate Moran’s I. Principal 

component analysis (PCA) reduced the variables to four components, used in ordinary least 

squares (OLS) and geographically weighted regression (GWR). 

Results: Incidence varied widely, with extreme values in Sokoto (255.4 per 100,000) and 

Gombe (69.1) in 2022 that were probably reporting errors. No state showed a significant 

trend (national Sen’s slope 0.13 per 100,000 per year; p = 1.00). Global Moran’s I was not 

significant in any year (−0.055 to 0.058; p = 0.39–0.97). Local Moran’s I identified only 
isolated clusters and outliers. Only formaldehyde (rs = −0.38) and vegetation (NDVI; rs = 

−0.40) correlated significantly with 2025 incidence, both negatively. Four components 
explained 82.7% of variance. In the OLS model (R2 = 0.264; adjusted R2 = 0.172), only the 

artificial light at night (ALAN) component was significant (coefficient 3.04; p = 0.012). 

GWR fitted better (AICc 250.9 versus 257.1; R2 = 0.344), with local ALAN coefficients of 

1.60 to 6.50, largest in the north-west. 

Conclusions: Reported incidence showed no stable spatial clustering or temporal trend and 

probably reflects diagnostic access and reporting as much as disease occurrence. The 

spatially varying association with ALAN is ecological and exploratory. Wider cancer 

registration, including private facilities, is needed before spatial risk patterns can be 

interpreted confidently. 

Keywords: breast cancer; spatio-temporal analysis; spatial autocorrelation; geographically 

weighted regression; artificial light at night; DHIS2; Nigeria 
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Background  

Breast cancer is the most commonly diagnosed cancer among women worldwide. About 2.3 

million women were diagnosed and about 666,000 died of the disease in 2022 [1]. In Africa, 

an estimated 198,300 new cases and 91,300 deaths occurred in 2022, and Nigeria recorded 

the largest numbers on the continent, with 32,278 new cases and 16,332 deaths [2, 3]. 

Reported incidence in sub-Saharan Africa is lower than in high-income countries, but 

mortality is disproportionately high. The difference is partly explained by population 

structure, risk-factor exposure, access to screening and diagnosis, stage at presentation, 

treatment availability and the completeness of cancer surveillance [4]. Population-based 

cancer registration in the region remains incomplete, and available evidence does not 

adequately represent the true burden [4]. In Nigeria, inadequate diagnostic infrastructure, 

financial barriers and delayed diagnosis continue to limit cancer control [5]. 

Breast cancer risk is shaped by non-modifiable, reproductive, behavioural, socioeconomic 

and environmental factors. An umbrella review found evidence linking obesity, alcohol 

consumption and smoking with higher risk and physical activity with lower risk [6], and a 

synthesis of systematic reviews reached similar conclusions about modifiable risk factors [7]. 

Obesity is associated with breast cancer, although the size and direction of the association 

vary with tumour characteristics and menopausal status [8], and a dose-response meta-

analysis of more than seven million women reported positive associations for central obesity 

[9]. Alcohol consumption is associated with higher risk, including at low levels of intake 

[10]. Hormonal contraceptive use has been associated with a modest increase in risk, with the 

magnitude varying across studies [11] and with duration of use [12]. Socioeconomic 

conditions influence both exposure and detection. Poverty and educational attainment vary 

markedly between Nigerian states [13], and where diagnostic services are limited a low 

recorded incidence does not necessarily mean a low disease burden. 

Environmental exposures may also vary geographically. A meta-analysis of 22 studies 

reported positive associations of long-term exposure to nitrogen dioxide (NO2) and fine 

particulate matter (PM2.5) with breast cancer incidence, with pooled hazard ratios of 1.02 per 

10 μg/m3 of NO2 and 1.06 per 5 μg/m3 of PM2.5 [14], in line with earlier cohort evidence [15] 

and studies of specific toxic air pollutants [16]. Higher exposure to artificial light at night 

(ALAN) has been associated with increased risk, with moderate-quality evidence [17], 

particularly among premenopausal women and women with oestrogen-receptor-positive 

disease, although exposure measurement remains a limitation [18]. Residential greenness, 

measured by the Normalized Difference Vegetation Index (NDVI), was associated with lower 

breast cancer incidence in a large cohort in Israel [19]. These findings come from different 

settings and designs, and ecological associations cannot be read as individual-level causation, 

particularly in Nigeria, where urbanisation, industrial activity, income and health-service 

availability are strongly correlated. 

Interpretation of spatial variation in Nigeria is further complicated by the quality of routine 

data. Facility-based reporting through DHIS2 can provide information across time and 

administrative areas, but studies in Gombe State [20] and in Ondo and Ekiti States [21] found 

variation in completeness, accuracy and consistency. Differences in reported breast cancer 
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incidence between states may therefore reflect disease occurrence, healthcare access, 

diagnostic capacity, facility distribution and reporting practice together. 

National estimates show the scale of the burden but not how incidence varies between states 

over time, or whether states with high or low reported rates form geographical clusters. 

Studies of single risk factors also do not describe the combined distribution of behavioural, 

socioeconomic and environmental exposures, which are correlated with one another. 

Geographic information systems allow incidence to be mapped with these exposures. Spatial 

autocorrelation statistics test whether neighbouring areas have similar values and identify 

local clusters and outliers, principal component analysis (PCA) addresses correlation among 

predictors, and geographically weighted regression (GWR) allows relationships to vary 

across space. 

To our knowledge, no previous study has examined reported breast cancer incidence across 

all Nigerian states over consecutive years using spatial statistics, or related it to behavioural, 

socioeconomic and remotely sensed environmental variables together. Existing Nigerian 

incidence estimates come from a small number of population-based registries [22, 23] or 

from modelled national figures [1], and neither describes how incidence varies between states 

over time. Geospatial analyses of breast cancer have been reported elsewhere [24]. Whether 

routine facility-reported data in Nigeria can support such an analysis has not, to our 

knowledge, been tested. 

This study analysed reported breast cancer incidence across Nigeria from 2021 to 2025, using 

annual DHIS2 case counts to calculate state-level rates. The rates were examined alongside 

alcohol consumption, obesity, tobacco smoking, hormonal contraceptive use, educational 

attainment, poverty, income, ALAN, atmospheric pollutants, PM2.5, land surface temperature 

and vegetation. Reported incidence was treated as a product of both disease occurrence and 

the capacity to detect and report cases. The aim was to describe the spatio-temporal 

distribution of reported breast cancer incidence and its associated behavioural, socioeconomic 

and environmental factors using GIS-based spatial statistical and regression techniques. The 

specific objectives were to describe the spatial distribution and temporal trends of incidence, 

identify global and local spatial clusters and outliers, examine bivariate relationships between 

incidence and selected risk factors, and assess global and spatially varying relationships 

between PCA-derived risk-factor dimensions and incidence using OLS regression and GWR. 

Methods 

Study setting 

Nigeria lies on the Gulf of Guinea in West Africa and covers about 923,770 km² [25]. It 

comprises 36 states and the Federal Capital Territory (FCT), Abuja, which are grouped into 

six geopolitical zones: North Central, North East, North West, South East, South South and 

South West [25, 26]. The states are divided into 774 local government areas [25]. Nigeria is 

the most populous country in Africa, with an estimated 232.7 million people in 2024 [27]. 

The 36 states and the FCT were the 37 units of analysis in this study (Fig. 1). 

The climate is tropical, with wet and dry seasons that vary by location. The rainy season is 

longest in the south, from March to November, and shortest in the far north, from mid-May to 
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September. Annual rainfall ranges from more than 3,000 mm in the south-east to no more 

than 500 mm in the far north [28]. Vegetation follows the same gradient, with mangrove, 

swamp and rainforest in the south and savanna grading from Guinea to Sudan to Sahel 

towards the north [28]. The harmattan, a hot, dry north-easterly wind, lasts more than three 

months in the north and rarely more than two weeks on the coast [28]. These gradients affect 

the remotely sensed variables used here, including land surface temperature and vegetation, 

and they run alongside differences in urbanisation, income, education and access to health 

care between the south and the north. 

Health services are delivered at primary, secondary and tertiary levels. Local government 

authorities, with state governments, supervise primary care, state governments are mainly 

responsible for secondary care and the federal government for tertiary care. Private providers 

deliver an estimated 70% of services but operate only 35% of facilities [29]. Facilities report 

routine data to the national DHIS2 platform, which is the source of the case counts analysed 

here. No population-based cancer registry covers the whole country. As of 2015, six 

population-based registries operated in Abuja, Calabar, Ibadan, Enugu, Sokoto and Ekiti, and 

their completeness and data quality still needed improvement [30]. Cancer data from routine 

reporting may therefore differ in coverage and quality between states. 

 

 

Fig. 1. Study area map of Nigeria showing the 36 states, the Federal Capital Territory (FCT), the 

coast and the Niger and Benue rivers 

Source: Author’s Analysis (2026) 
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Study design  

This was an ecological, spatio-temporal study of Nigeria, which comprises 36 states and the 

FCT (37 units of analysis). Temporal and spatial analyses of incidence covered 2021 to 2025. 

Associations with risk factors were examined using the 2025 incidence rate (the most recent 

year available). The study was guided by the Strengthening the Reporting of Observational 

Studies in Epidemiology (STROBE) guideline. 

Data sources 

The datasets are summarised in Table 1. The outcome was the annual number of breast 

cancer cases reported through DHIS2 for each state and the FCT. DHIS2 is a facility-based 

reporting platform, so the resulting rates describe cases captured by the health information 

system and not those of a population-based cancer registry. Cases are assigned to the state of 

the reporting facility and not the patient’s state of residence [31]. 

Behavioural and reproductive variables were taken from the 2024 Nigeria Demographic and 

Health Survey (NDHS) [26]. They were the proportion of women who consume alcohol, 

female obesity prevalence, female tobacco-smoking prevalence, hormonal contraceptive use 

and the proportion of women with no formal education. All were available by state and 

expressed as percentages. Household reliance on solid fuels for cooking was also taken from 

the NDHS and expressed as the percentage of households. Poverty was taken from the 2022 

Nigeria Multidimensional Poverty Index [13], which provides subnational measures for all 

states and the FCT, and state-level income in purchasing-power-parity terms from the Global 

Data Lab Subnational Human Development Database [32]. 

Environmental variables were derived from remotely sensed and modelled products. ALAN 

was represented by annual mean night-time radiance from the Visible Infrared Imaging 

Radiometer Suite (VIIRS) Day/Night Band at about 500 m resolution (nW/cm2/sr). 

Tropospheric formaldehyde (HCHO), sulphur dioxide (SO2) and NO2 were obtained from 

Sentinel-5P TROPOMI Level-2 products at about 7 km × 3.5 km (µmol/m2) [33]. PM2.5 

(μg/m3) came from the Copernicus Atmosphere Monitoring Service at about 5 km resolution 

[34]. Land surface temperature (LST, °C) was derived from MODIS products at about 1 km 

[35]. NDVI was derived from Landsat 8 Collection 2 Level-2 imagery at 30 m [19]. Annual 

composites were derived for 2021–2025. 

Female population was obtained from WorldPop gridded estimates [36] at about 100 m 

resolution and summed by state, and was used as the denominator for the incidence rates. 

Administrative boundaries came from the FAO Global Administrative Unit Layers (GAUL) 

[37]. The datasets had different spatial resolutions and were harmonised on ArcGIS Pro to a 

common 1 km resolution. 

Table 1. Data sources and variables used in the analysis 

Variable Source 

Resolution or 

unit 

Reference 

period 

Breast cancer cases DHIS2 State; annual 

counts 

2021–2025 

Female population WorldPop ~100 m grid; 

persons 

2021–2025 
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Variable Source 

Resolution or 

unit 

Reference 

period 

Alcohol consumption, obesity, tobacco smoking, 

hormonal contraceptive use, no formal education 

(women) 

NDHS 2024 State; % 2024 

Solid-fuel reliance NDHS 2024 State; % 2024 

Poverty NBS Multidimensional Poverty 

Index 

State; % 2022 

Income Global Data Lab Subnational 

Human Development Database 

State; PPP 2022 

ALAN VIIRS Day/Night Band ~500 m; 

nW/cm2/sr 

2021–2025 

HCHO, NO2, SO2 Sentinel-5P TROPOMI Level-2 ~7 km × 3.5 km; 

µmol/m2 

2021–2025 

PM2.5 Copernicus Atmosphere 

Monitoring Service 

~5 km; μg/m3 2021–2025 

Land surface temperature MODIS ~1 km; °C 2021–2025 

NDVI Landsat 8 Collection 2 Level-2 30 m; unitless 

(−1 to +1) 
2021–2025 

Administrative boundaries FAO GAUL Vector  

 

Statistical analysis 

Incidence rate 

Annual state-level incidence rates were calculated as 𝐼𝑅 = �� × 100,000 

where IR is the incidence rate per 100,000 women, C the number of reported cases and P the 

female population. Rates are crude (not age-standardised). 

 

Temporal trend 

Trends in annual incidence rates were tested for each state, and for Nigeria as a whole, with 

the Mann–Kendall test, a non-parametric test that does not require normally distributed data 

and is less sensitive to outliers. The test statistic is 


 = ∑ ∑ sgn�
�=�+1

�−1
�=1 (�� − ��),  sgn(�� − ��) = {1 �� > ��0 �� = ��−1 �� < �� 

where xj and xk are observations at times j and k and n is the number of observations. Positive 

values of S indicate an increasing trend and negative values a decreasing trend. The 

standardised Z statistic was obtained from the variance of S, and significance was set at p ≤ 
0.05. The magnitude of the trend was estimated with Sen’s slope, the median of all pairwise 
slopes: �� = �� − �� − ! ,  �"#$ = median(��) 

Spatial Autocorrelation 
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Global Moran’s I was used to test whether incidence rates in neighbouring states were more 
similar (positive autocorrelation), less similar (negative) or unrelated (values near zero) than 

expected by chance [38]: 𝐼 = ,- ⋅ ∑ ∑ 0���� (�� − �‾)(�� − �‾)∑ (�� − �‾)2�  

where n is the number of units, wij the spatial weight between states i and j, W the sum of all 

weights, xi the incidence rate in state i and x̄ the mean rate. Local Indicators of Spatial 

Association (LISA) were then computed to identify high-high (HH) and low-low (LL) 

clusters and high-low (HL) and low-high (LH) spatial outliers: 𝐼� = (�� − �‾)
2 ∑0��� (�� − �‾) 

where S2 is the variance of the variable. Spatial weights were based on Queen contiguity and 

row-standardised. Both statistics were computed for each year from 2021 to 2025 in ArcGIS 

Pro. Significance of global Moran’s I was assessed with z-scores, and local significance with 

permutation-based p-values, at p < 0.05. 

Bivariate analysis 

The distribution of the 2025 incidence rate was tested with the Shapiro–Wilk test. Because it 

departed from normality and the number of units was small (n = 37), Spearman rank 

correlation was used to examine associations between incidence and each of the 15 

explanatory variables and among the explanatory variables [39]. Correlations were 

interpreted as ecological associations at state level. Bivariate Moran’s I, calculated in GeoDa 
with 999 permutations, was used to test whether incidence in a state was spatially associated 

with values of an explanatory variable in neighbouring states: 𝐼3 = ,
0 ⋅ ∑ ∑ 0����=1��=1 (�� − �‾)(5� − 5‾)√∑ (�� − �‾)2��=1  ∑ (5� − 5‾)2��=1  

where xi is the incidence rate in state i, yj the value of the explanatory variable in 

neighbouring state j, x̄ and ȳ their means, and S0 the sum of all spatial weights. 

Principal component analysis 

PCA was run in IBM SPSS Statistics on 15 variables: obesity, tobacco smoking, alcohol 

consumption, hormonal contraceptive use, solid-fuel reliance, land surface temperature, 

ALAN, HCHO, PM2.5, NO2, SO2, poverty, no educational attainment, income and NDVI. 

Variables were selected because they have established or plausible associations with breast 

cancer risk or detection (see Background) and were available for all states. The correlation 

matrix was used so that variables were standardised. Suitability was checked with the Kaiser–
Meyer–Olkin (KMO) measure and Bartlett’s test of sphericity. Components with eigenvalues 
above 1 were retained (Kaiser criterion) and rotated with Varimax rotation with Kaiser 

normalisation. Component scores were saved using the regression method and used as 
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explanatory variables in the regression models. Because components are orthogonal, this also 

removes collinearity among the predictors. 

Regression analysis 

OLS regression was run in ArcGIS Pro with the 2025 incidence rate as the dependent 

variable and the four component scores as explanatory variables: 8 = 90 + 91;1 + 92;2 + 93;3 + 94;4 + > 

where Y is the incidence rate per 100,000 women, β0 the intercept, β1 to β4 the coefficients 

and F1 to F4 the component scores. Model performance was assessed with R2, adjusted R2, 

the corrected Akaike Information Criterion (AICc), the variance inflation factor (VIF), the 

Jarque–Bera statistic for normality of residuals and the Koenker (Breusch–Pagan) statistic for 

heteroskedasticity and non-stationarity. 

GWR was then run in ArcGIS Pro to test whether relationships varied across space: 8� = 90(?� , @�) + ∑9�� (?� , @�)A�� + >� 
where (ui, vi) are the coordinates of state i and βk(ui, vi) is the local coefficient for explanatory 

variable k. Observations nearer to a target location receive greater weight through a kernel 

function. The ALAN component score was the single explanatory variable, because it was the 

only significant component in the OLS model, and a fixed distance bandwidth was selected 

by minimising AICc. GWR output included local coefficients, local R2, predicted values and 

standardised residuals. GWR and OLS were compared using adjusted R2, AICc and the 

spatial distribution of residuals. Results from both models were interpreted as ecological 

associations and not as individual-level causal effects. 

Results 

Spatial distribution of reported incidence 

Reported incidence varied widely between states and years (Fig. 2). The highest rates per 

100,000 women were most often in Zamfara (27.8, 31.9, 27.7, 17.4 and 19.4 from 2021 to 

2025), Jigawa (22.6 in 2021, 12.1 in 2022, then 15.8, 18.4 and 19.3), Sokoto (16.7 in 2021 

and 16.2 in 2025, with 22.4 and 20.9 in between), the FCT (14.6, 24.3, 21.9 and 12.1 from 

2021 to 2024) and Kogi (14.2 to 16.6, apart from 2023). Lagos rose from 14.4 in 2021 to 21.7 

in 2022, fell to 18.8 in 2023, peaked at 36.4 in 2024 and was 29.0 in 2025. Delta rose from 

8.6 in 2021 to 24.3 in 2025 (13.3, 9.9 and 22.4 in between). Katsina increased from 4.7 in 

2022 to 19.6 in 2025, Oyo reached 19.6 in 2025, and Ogun (10.5) and Ondo (9.2) rose in 

2024. More states had rates above 10 per 100,000 in 2025 than in 2021. 

Several values were extreme. Sokoto recorded 255.4 in 2022, far outside the range of every 

other state-year, and Gombe recorded 69.1 in 2022 (9.8 in 2021 and 22.2 in 2023). Kogi 

recorded 40.6 in 2023, up from 14.3, and Adamawa rose from 3.1 to 16.7 in 2025. These 

values were retained in the dataset and maps (and in the trend analysis, because they could 

not be verified; the Mann–Kendall test is rank-based and less sensitive to extreme values). 

The lowest rates were consistently in southern and north-eastern states, including Ekiti (0.4 in 
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2021), Osun (0.8 in 2021 and 1.0 in 2025), Imo (1.1 in 2023 and 1.5 in 2025), Borno (2.2 in 

2021 and 0.8 in 2025), Cross River (1.5 in 2025) and Akwa Ibom (2.4 in 2025). 

 

 

Fig. 2. Spatial distribution of reported breast cancer incidence per 100,000 women in Nigeria, 2021 

to 2025 (left to right, top to bottom) 

Source: Author’s Analysis (2026) 

 

Temporal trends 

The Mann–Kendall test showed no significant national trend in incidence (Z = 0.000, p = 

1.000), with a Sen’s slope of 0.13 per 100,000 women per year (Table 2). No state had a 
significant trend. Sen’s slope was positive in 18 of the 37 units and negative in 19. The 

steepest increases were in Lagos (+4.375 per 100,000 per year), Delta (+4.238) and Katsina 

(+4.100), and the steepest decreases in Zamfara (−3.808), the FCT (−3.000) and Imo 
(−2.088). 
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Table 2. Mann–Kendall trend test and Sen’s slope for breast cancer incidence rates, Nigeria and its 
states, 2021–2025. No trend was statistically significant (all p > 0.05) 

Level State or territory Sen’s slope (per 100,000 per year) Z p Trend direction 

National Nigeria 0.1257 0.0000 1.0000 Increasing 

State Abia −0.9250 −1.0106 0.3122 Decreasing 

State Adamawa 1.6500 1.5159 0.1296 Increasing 

State Akwa Ibom −0.2000 −0.7348 0.4624 Decreasing 

State Anambra −0.7917 −0.7348 0.4624 Decreasing 

State Bauchi −0.9750 −1.7146 0.0864 Decreasing 

State Bayelsa −1.0417 −1.2247 0.2207 Decreasing 

State Benue −1.4917 −1.2247 0.2207 Decreasing 

State Borno −0.2333 −0.2449 0.8065 Decreasing 

State Cross River −0.5000 −0.2449 0.8065 Decreasing 

State Delta 4.2375 1.7146 0.0864 Increasing 

State Ebonyi 0.7583 1.0106 0.3122 Increasing 

State Edo −0.2875 −1.2247 0.2207 Decreasing 

State Ekiti 0.8750 0.7348 0.4624 Increasing 

State Enugu −0.7000 −1.2247 0.2207 Decreasing 

State FCT −3.0000 −1.2247 0.2207 Decreasing 

State Gombe 0.0667 0.0000 1.0000 Increasing 

State Imo −2.0875 −0.7348 0.4624 Decreasing 

State Jigawa 1.3250 0.2449 0.8065 Increasing 

State Kaduna 0.2125 0.0000 1.0000 Increasing 

State Kano 1.0167 1.2247 0.2207 Increasing 

State Katsina 4.1000 1.7146 0.0864 Increasing 

State Kebbi 1.0500 1.7146 0.0864 Increasing 

State Kogi −0.6000 −0.7348 0.4624 Decreasing 

State Kwara 0.1875 0.0000 1.0000 Increasing 

State Lagos 4.3750 1.2247 0.2207 Increasing 

State Nasarawa −0.3292 −0.2449 0.8065 Decreasing 

State Niger −0.2625 −0.5053 0.6134 Decreasing 

State Ogun 1.0500 1.0106 0.3122 Increasing 

State Ondo 1.1125 1.7146 0.0864 Increasing 

State Osun 0.0500 0.2449 0.8065 Increasing 

State Oyo 0.9000 0.2449 0.8065 Increasing 

State Plateau −0.0375 0.0000 1.0000 Decreasing 

State Rivers 1.3000 1.2247 0.2207 Increasing 

State Sokoto −2.3000 −0.7348 0.4624 Decreasing 

State Taraba −0.1000 −0.2449 0.8065 Decreasing 

State Yobe 0.9250 0.7348 0.4624 Increasing 

State Zamfara −3.8083 −1.2247 0.2207 Decreasing 

Source: Author's Analysis (2026) 

 

Global spatial autocorrelation 

Global Moran’s I was not significant in any year from 2021 to 2025, so incidence did not 
differ from a random spatial pattern (Table 3). Values ranged from −0.055 (2021) to 0.058 
(2024), against an expected index of −0.028, and p-values ranged from 0.39 to 0.97. 
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Table 3. Global Moran’s I for breast cancer incidence rates, Nigerian states, 2021–2025 

Year Moran’s I Expected I Variance z-score p-value Pattern 

2021 −0.055278 −0.027778 0.010709 −0.265736 0.790443 Random 

2022 0.008590 −0.027778 0.002024 0.808375 0.418875 Random 

2023 0.013328 −0.027778 0.010153 0.407944 0.683315 Random 

2024 0.058356 −0.027778 0.010136 0.855558 0.392242 Random 

2025 −0.023975 −0.027778 0.011342 0.035706 0.971517 Random 

Source: Author's Analysis (2026) 

 

Local spatial autocorrelation 

LISA identified a small number of significant clusters and outliers, none of which persisted 

across the period except Kebbi (Table 4; Fig. 3). In 2021, Katsina and Kebbi were LH 

outliers. In 2022, Kebbi was again an LH outlier (local I = −0.672; z = −3.655; p = 0.005). In 

2023, Niger was an HH cluster (local I = 0.232; z = 2.852; p = 0.010), the only HH cluster in 

the study period, Kebbi was an LH outlier for a third consecutive year, and Abia and Rivers 

were LL clusters. In 2024, Delta was an HL outlier and Akwa Ibom and Ebonyi were LL 

clusters. In 2025, Abia was an LL cluster, Borno an LH outlier and Kogi an HL outlier. 

 

Table 4. Statistically significant local clusters and spatial outliers of breast cancer incidence (Local 

Moran’s I, p < 0.05), 2021–2025. HH, high-high cluster; LL, low-low cluster; HL, high-low outlier; 

LH, low-high outlier 

Year State Local Moran’s I z-score p-value Type 

2021 Katsina −1.572467 −2.377498 0.021 LH 

2021 Kebbi −0.570089 −2.337778 0.021 LH 

2022 Kebbi −0.672184 −3.655497 0.005 LH 

2023 Abia 0.377520 1.882968 0.007 LL 

2023 Kebbi −0.886329 −2.313346 0.029 LH 

2023 Niger 0.231605 2.852334 0.010 HH 

2023 Rivers 0.133552 1.583966 0.024 LL 

2024 Akwa Ibom 0.423893 1.650328 0.025 LL 

2024 Delta −0.951864 −1.560098 0.044 HL 

2024 Ebonyi 0.007555 1.656785 0.032 LL 

2025 Abia 0.535048 2.007879 0.017 LL 

2025 Borno −1.274457 −1.999701 0.033 LH 

2025 Kogi −0.348735 −1.869840 0.014 HL 

Source: Author's Analysis (2026) 
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Fig. 3. Local clusters and spatial outliers of breast cancer incidence in Nigeria (Local Moran’s I), 
2021 to 2025 (left to right, top to bottom) 

Source: Author’s Analysis (2026) 

 

Associations with risk factors in 2025 

The 2025 incidence rate was right-skewed, with a long tail towards high values, and departed 

significantly from normality (Shapiro–Wilk W = 0.876, p = 0.0007; Fig. 4). Spearman 

correlation was therefore used (Fig. 5). Only two of the 15 variables were significantly 

correlated with incidence: HCHO (rs = −0.38, p < 0.05) and NDVI (rs = −0.40, p < 0.05), both 
negatively. ALAN, land surface temperature, NO2, PM2.5, SO2, solid-fuel reliance, no 

educational attainment, poverty, income, obesity, tobacco smoking, alcohol consumption and 

hormonal contraceptive use were not significantly correlated with incidence (p > 0.05). 

The explanatory variables were strongly intercorrelated. The strongest correlations were 

between HCHO and NO2 (rs = 0.92, p < 0.01), land surface temperature and NDVI (rs = 

−0.88), solid-fuel reliance and no educational attainment (rs = 0.85), solid-fuel reliance and 

obesity prevalence (rs = −0.86), income and NO2 (rs = 0.84), and income and obesity 

prevalence (rs = 0.77). 

Bivariate Moran’s I showed significant positive spatial association between incidence and 
PM2.5, land surface temperature, poverty and no educational attainment, the latter two with 

the strongest associations (Table 5). Significant negative spatial associations were found for 

HCHO, NO2, solid-fuel reliance, income, tobacco smoking and NDVI. Associations with 

SO2, obesity, hormonal contraceptive use and alcohol consumption were not significant, and 

the association with ALAN had p = 0.050. 
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Fig. 4. Histogram and density curve of the 2025 breast cancer incidence rate across the 37 units 

Source: Author’s Analysis (2026) 

 

Fig. 5. Spearman correlation matrix of breast cancer incidence and the 15 explanatory variables 

Source: Author’s Analysis (2026) 
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Table 5. Global bivariate Moran’s I between the 2025 breast cancer incidence rate and risk factors 

Category Variable Moran’s I z-score p-value Significance 

Environmental ALAN −0.118 −1.4369 0.050 ns 

Environmental HCHO −0.280 −3.4301 0.002 ** 

Contextual Land surface temperature 0.148 1.8997 0.038 * 

Contextual NDVI −0.151 −1.8961 0.040 * 

Environmental NO2 −0.145 −1.9410 0.025 * 

Environmental PM2.5 0.143 1.8648 0.041 * 

Environmental SO2 0.118 1.4709 0.064 ns 

Environmental Solid-fuel reliance −0.130 −5.2156 0.001 ** 

Socioeconomic No educational attainment 0.219 2.6579 0.004 ** 

Socioeconomic Poverty (2022) 0.233 2.8507 0.006 ** 

Socioeconomic Income (2022) −0.209 −2.4883 0.009 ** 

Lifestyle and behavioural Obesity prevalence −0.136 −1.6602 0.055 ns 

Lifestyle and behavioural Tobacco smoking −0.139 −1.7292 0.037 * 

Lifestyle and behavioural Hormonal contraceptive use −0.105 −1.3072 0.083 ns 

Lifestyle and behavioural Alcohol consumption −0.103 −1.2404 0.101 ns 

Note: ** p < 0.01; * p < 0.05; ns, not significant 

Source: Author's Analysis (2026) 
 

Principal component analysis 

The data were suitable for PCA (KMO = 0.796; Bartlett’s test χ2 = 555.081, df = 105, p < 

0.001). Four components had eigenvalues above 1 and together explained 82.72% of the total 

variance (Table 6). After Varimax rotation they explained 30.15%, 21.75%, 20.35% and 

10.47%. 

Component 1 (Socioeconomic and Air Pollution) had positive loadings for NO2 (0.888), 

income (0.865), HCHO (0.813) and obesity prevalence (0.687) and negative loadings for 

poverty (−0.714), no educational attainment (−0.615) and solid-fuel reliance (−0.540). 
Component 2 (Lifestyle and Ecological) was defined by alcohol consumption (0.872), 

tobacco smoking (0.845) and NDVI (0.624), with negative loadings for no educational 

attainment (−0.561), land surface temperature (−0.531) and PM2.5 (−0.513). Component 3 
(Thermal and Chemical Environmental) had positive loadings for SO2 (0.870) and land 

surface temperature (0.664) and negative loadings for hormonal contraceptive use (−0.682) 
and NDVI (−0.596). Component 4 (Artificial Light at Night) was defined almost entirely by 
ALAN (0.871). 

Table 6. Rotated component matrix  

Variable Component 1 Component 2 Component 3 Component 4 

ALAN 0.314 0.220 −0.129 0.871 

HCHO 0.813 0.352 −0.301 −0.129 

Land surface temperature −0.298 −0.531 0.664 −0.171 

NDVI 0.382 0.624 −0.596 0.000 

NO2 0.888 0.109 −0.136 0.273 

PM2.5 −0.358 −0.513 0.395 0.124 

SO2 −0.057 −0.134 0.870 −0.394 
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Variable Component 1 Component 2 Component 3 Component 4 

Solid-fuel reliance −0.540 −0.351 0.487 −0.441 

No educational attainment −0.615 −0.561 0.430 −0.098 

Poverty −0.714 0.032 0.486 −0.125 

Income 0.865 0.164 −0.112 0.283 

Obesity prevalence 0.687 0.418 −0.254 0.373 

Tobacco smoking 0.008 0.845 −0.122 0.165 

Alcohol consumption 0.201 0.872 −0.058 0.213 

Hormonal contraceptive use 0.410 0.112 −0.682 −0.106 

Note: Extraction Method: Principal Component Analysis.   Rotation Method: Varimax with Kaiser 

Normalization.   Rotation converged in 10 iterations. Bold, primary loading of each variable 

Source: Author's Analysis (2026) 
 

Ordinary least squares regression 

The OLS model explained 26.4% of the variance in incidence (R2 = 0.264; adjusted R2 = 

0.172), and the joint F-statistic was significant (F = 2.876, p = 0.038; Table 7). Only 

Component 4 (ALAN) was a significant predictor (coefficient 3.038, 95% CI 0.70 to 5.37, p 

= 0.012; p = 0.046 with heteroskedasticity-consistent standard errors). A one-unit increase in 

the ALAN component score was associated with about 3.04 additional cases per 100,000 

women. Components 1 (−1.484, p = 0.205), 2 (−1.887, p = 0.109) and 3 (0.336, p = 0.771) 
were not significant. All VIF values were 1.000, as expected for orthogonal components. 

Residuals did not depart from normality (Jarque–Bera p = 0.467), and the Koenker statistic 

was not significant (p = 0.182). AICc was 257.105. 

 

Table 7. Ordinary least squares regression of the 2025 breast cancer incidence rate on the four 

component scores.  

Variable Coefficient Std. error t p t (HC) p (HC) VIF 

Intercept 9.278 1.130 8.208 <0.001 8.826 <0.001 n/a 

Component 1 −1.484 1.146 −1.295 0.205 −1.518 0.139 1.000 

Component 2 −1.887 1.146 −1.647 0.109 −1.493 0.145 1.000 

Component 3 0.336 1.146 0.293 0.771 0.344 0.733 1.000 

Component 4 (ALAN) 3.038 1.146 2.651 0.012 2.080 0.046 1.000 

Note: R² = 0.264; adjusted R² = 0.172; F(4, 32) = 2.876, p = 0.038; AICc = 257.105; 

Koenker (BP) = 6.238, df = 4, p = 0.182; Jarque-Bera = 1.524, p = 0.467. CI, confidence 

interval, calculated from the conventional standard errors (t distribution, 32 residual degrees 

of freedom); HC, heteroskedasticity-consistent standard errors; VIF, variance inflation 

factor. 

Source: Author's Analysis (2026) 

 

Geographically weighted regression 

The GWR model had a lower AICc than the OLS model (250.886 versus 257.105) and 

explained more variance (R2 = 0.344; adjusted R2 = 0.247; Table 8). Local R2 was highest in 

Lagos and Oyo (0.266–0.318) and lowest in Borno, Yobe and Adamawa (0.042–0.086; Fig. 

6). Local coefficients for the ALAN component ranged from 1.604 in the south to 6.501 in 

the north-west, with the largest values in Sokoto, Kebbi and Zamfara and the smallest in the 
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South-South and South-East (Fig. 7). All standardised residuals were within ±2.5 standard 

deviations (Fig. 8). 

Table 8. Geographically weighted regression diagnostics 

Statistic Value 

Bandwidth (as reported by the software) 466,925.66 

Residual sum of squares 1,349.12 

Effective number of parameters 5.64 

Sigma 6.559 

AICc 250.886 

R2 0.344 

Adjusted R2 0.247 

Source: Author's Analysis (2026) 

 

 

Fig. 6. Local R2 of the geographical weighted regression for the ALAN component 

Source: Author’s Analysis (2026) 
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Fig. 7. Local coefficients of the ALAN component in the geographically weighted regression 

Source: Author’s Analysis (2026) 

 

Fig. 8. Standardised residuals of the geographically weighted regression for the ALAN component 

Source: Author’s Analysis (2026) 
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Discussion 

Principal findings 

Reported breast cancer incidence in Nigeria between 2021 and 2025 showed no significant 

temporal trend in any state, no significant global spatial clustering in any year, and only a few 

isolated local clusters and outliers. Of the 15 behavioural, socioeconomic and environmental 

variables, only HCHO and NDVI correlated with 2025 incidence, both negatively. After 

reduction to four components, only a component dominated by ALAN was associated with 

incidence, and GWR indicated that the strength of this association differed across the 

country. The pattern is most plausibly explained by the combined influence of disease 

occurrence, access to diagnosis and the completeness of reporting, and the data cannot 

separate these. 

This study adds two things to existing evidence. To our knowledge, it provides the first state-

level description of DHIS2-reported breast cancer incidence in Nigeria across several years, 

together with survey-based and remotely sensed exposures. It also shows that these routine 

data, in their current form, do not yield a spatial or temporal signal that can be separated from 

reporting practice: incidence was spatially random in every year, the extreme values were 

implausible, and associations with known carcinogens ran opposite to expectation. This is 

informative for cancer surveillance planning because it identifies where routine data fall 

short. 

Reported incidence and health-system capacity 

Several features of the maps point to reporting and access as major determinants of recorded 

incidence. Zamfara, Jigawa, Sokoto and Yobe had high rates in 2021, yet these states are 

among the most socioeconomically deprived in Nigeria, with low female literacy and limited 

access to care [13]. Women in northern Nigeria often present to public hospitals only when 

disease is advanced [40], so the cases that are recorded may be late-stage and more visible in 

hospital records [41, 42]. High rates in Lagos and the FCT are expected, because urban 

populations reach public facilities more readily and urbanisation brings lifestyle changes 

associated with breast cancer, including physical inactivity, obesity, alcohol use, delayed 

childbearing and reduced breastfeeding [43, 44]. Higher breast cancer burden in Lagos has 

also been documented by cancer registry data [45]. The rise in Lagos to 36.4 per 100,000 in 

2024 and the sustained increase in Delta are compatible with a growing role of such risk 

factors, but they are equally compatible with better detection and reporting [41, 45]. Oil-

related pollution has been raised as a concern in the Niger Delta [46], but the present data 

cannot attribute Delta’s trend to it. 

Low rates in Ekiti, Osun, Kebbi, Imo, Akwa Ibom and Borno probably reflect limited public-

sector oncology services, private-sector dominance in healthcare, low use of public facilities, 

and in Borno the destruction of health infrastructure by insecurity, and not a low underlying 

burden [22, 40, 42]. The same applies to Imo’s fall to 1.1 per 100,000 in 2023. 

The extreme single-year values support this interpretation. The 2022 rate of 255.4 per 

100,000 in Sokoto exceeds the highest population-based rates generally reported worldwide 

[43, 45] and is probably a data entry or reporting error, such as several years of records 

entered in one reporting cycle or a duplicate entry. The jump in Gombe from 9.8 to 69.1 is 
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similarly implausible as a real change, and both values fell back to about 22 in 2023. Kogi’s 
2023 value of 40.6 may partly reflect referral patterns, as DHIS2 assigns cases to the 

facility’s state and not the patient’s [31]. The Adamawa rise from 3.1 to 16.7 in 2025 may 

reflect backlogged cases entered late in a state affected by disruption to health services [40]. 

The elevated rate in Oyo in 2025 may reflect improved documentation at the University 

College Hospital, Ibadan, a principal oncology referral centre [47]. Declines in the FCT and 

Benue between 2023 and 2024 cannot be explained from these data and may reflect reduced 

facility attendance or reporting gaps. Such unexplained year-to-year change is common in 

routine health data in sub-Saharan Africa [48, 49], and it argues for reading multi-year 

patterns in preference to single-year values. The increase in the number of states above 10 per 

100,000 between 2021 and 2025 is consistent with gradual widening of DHIS2 reporting 

coverage and not necessarily with rising disease occurrence. 

Temporal and spatial patterns 

The absence of any significant trend should not be read as evidence of stability. With five 

annual observations per state, the Mann–Kendall test has little power, and the Sen’s slope 
estimates, although small, show the direction of change. The steepest increases (Lagos, Delta, 

Katsina) and decreases (Zamfara, FCT, Imo) could each reflect changes in reporting as much 

as in incidence [48, 49]. 

A random global pattern in every year means that neighbouring states did not tend to share 

similar rates. This is consistent with findings elsewhere in sub-Saharan Africa, where 

regional cancer incidence is heterogeneous and partly shaped by health-system factors [1, 

23]. DHIS2-reported incidence depends on the number of reporting facilities, the quality of 

documentation and whether patients from other states are counted, all of which are 

administratively determined and do not follow geographical contiguity [23, 50]. Breast 

cancer is also driven mainly by behavioural, hormonal and socioeconomic factors that do not 

spread between neighbouring states as environmentally determined diseases may [51, 52]. A 

non-significant global statistic does not exclude local clusters [53, 54], which is why LISA 

was applied. 

The local results were sparse and unstable. Kebbi was an LH outlier for three consecutive 

years (2021–2023), a pattern that fits high solid-fuel use in a state with limited diagnostic 

infrastructure and low alcohol and hormonal contraceptive use [55- 57]. Niger was the only 

HH cluster (2023), in a zone with increasing urbanisation, ALAN, air pollution and obesity 

[58, 59]. Delta’s HL classification in 2024 and Kogi’s in 2025 could indicate local 
environmental exposures, such as gas flaring or mining [59, 60], but also local differences in 

case detection. Borno’s LH classification fits poor diagnostic access and insecurity [61]. 
Because most classifications appeared in a single year, they are better read as hypotheses than 

as established clusters. 

Risk factors 

The negative correlation of HCHO with incidence (rs = −0.38) contradicts the established 
carcinogenicity of formaldehyde [62]. It is most likely explained by underdiagnosis in the 

more polluted northern states, where access to mammography and diagnostic services is poor 
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[57]. This is consistent with evidence that reported rates in sub-Saharan Africa reflect health-

system capacity [4] and that about 76% of Nigerian cases diagnosed between 2018 and 2023 

were at an advanced stage [63]. The negative correlation with NDVI (rs = −0.40) is in the 
expected direction, as greenspace exposure has been associated with lower incidence of 

breast and other cancers through effects on air pollution, physical activity, stress and living 

conditions [64], although in Nigeria greenness also varies with latitude, urbanisation and 

health-service coverage. 

The bivariate Moran’s I results had mixed directions. Poverty and low educational 
attainment, PM2.5 and land surface temperature were positively associated with incidence in 

neighbouring states, whereas HCHO, NO2, solid-fuel reliance, income, tobacco smoking and 

NDVI were negatively associated. The negative associations for known carcinogens again fit 

a geographical mismatch between where environmental and socioeconomic burdens are 

concentrated, mostly in the north, and where cases are reported [65, 66]. The positive 

associations with poverty and low education may indicate that deprived areas also have 

higher reported incidence, possibly through late-stage presentation, but that interpretation sits 

uneasily with the negative associations above and with the non-significant Spearman results 

for the same variables. Together, the inconsistent directions suggest that these associations 

are shaped by reporting patterns more than by risk. 

PCA grouped the 15 variables into four dimensions that match known structure in Nigeria: a 

socioeconomic and air pollution gradient between wealthier urban states and poorer states 

reliant on solid fuels [57]; a lifestyle and ecological dimension in which alcohol and tobacco 

use co-occur with vegetation cover, mainly in southern states; a thermal and chemical 

dimension combining SO2 and heat; and a separate ALAN dimension. Alcohol is classified 

by IARC as carcinogenic to the breast [67], and smoking and hormonal contraceptive use 

have been linked to increased risk [68], yet none of these variables was significantly 

associated with incidence in the present study. This is more likely to reflect the limits of 

state-level data on a small number of units than evidence against these associations. 

The significant association between the ALAN component and incidence in OLS, and its 

spatial variation in GWR, agree in direction with epidemiological evidence linking outdoor 

ALAN with breast cancer, possibly through disruption of circadian rhythm and melatonin 

[59, 60, 69, 70]. There are two reasons for caution. First, night-time radiance also captures 

urbanisation, industrial activity and the density of health facilities, so an association with 

reported incidence may reflect better case detection in brighter states and not a carcinogenic 

effect of light. Second, the model had only 37 observations, the ALAN coefficient was less 

certain with heteroskedasticity-consistent standard errors (p = 0.046), and the model 

explained 26.4% of variance (adjusted 17.2%). The Koenker statistic was not significant, so 

the evidence of non-stationarity rests mainly on the lower AICc of the GWR model (a 

difference of 6.2) and should be treated as exploratory. The strongest local coefficients were 

in Sokoto, Kebbi and Zamfara, where reported incidence varied considerably between years, 

so the local estimates may be influenced by a few states. Earlier work suggests that the 

influence of ALAN differs between geographic contexts and may be strongest where other 
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protective factors are limited [60]. The weakest local fit in the north-east (local R2 0.042–
0.086) coincides with the area where surveillance is most disrupted. 

Implications for surveillance and prevention 

The main implication is that incidence derived from DHIS2 cannot yet be used alone to 

describe the geography of breast cancer in Nigeria. Three actions follow from the findings. 

First, national health information policy should require private hospitals, clinics and faith-

based facilities to report cancer cases to DHIS2 or an integrated national cancer registry, 

because their absence from routine data limits planning and resource allocation. Second, 

state-level cancer registries should be expanded, especially in states with very low reported 

incidence such as Borno, Imo and Akwa Ibom, where low burden cannot be distinguished 

from under-reporting, and in the north-east, where insecurity disrupts facility operations and 

data collection. Third, breast cancer awareness and early detection programmes should be 

strengthened nationwide, with messaging adapted to regional and cultural context, because 

late presentation is common [63]. Environmental exposure monitoring, including air pollution 

and night-time lighting, could be added to public health planning, particularly where 

industrial exposure is concentrated, as in the Niger Delta. The present evidence does not 

show that these exposures increase risk in Nigeria. 

Strengths and limitations 

The study combines epidemiological, behavioural, socioeconomic and remotely sensed data 

for all 36 states and the FCT, applies global and local spatial statistics, and treats data quality 

explicitly in interpretation. It also has important limitations. 

DHIS2 captures records mainly from public facilities, so private, faith-based and non-

governmental facilities are not represented. This probably leads to under-estimation in 

southern states such as Imo, Osun and Akwa Ibom, where private care is common. Insecurity 

has disrupted routine reporting in Borno, Yobe and parts of Adamawa, so low rates there may 

reflect weak surveillance. Cases are assigned to the facility’s state and not the patient’s, rates 
were not age-standardised, and extreme values in 2022 and 2023 were retained. The five-year 

study period limits the power of trend analysis. 

The analyses are ecological, with 37 units, and cannot support individual-level inference. 

Many correlations were tested without adjustment for multiple comparisons. A PCA of 15 

variables on 37 observations is below commonly cited sample-size guidance, and the 

component scores, OLS and GWR models are sensitive to the few influential states. Risk-

factor variables came from different years (for example 2022 and 2024) and were compared 

with 2025 incidence only. Datasets with different resolutions were harmonised to 1 km and 

summarised by state, which introduces spatial uncertainty and hides within-state variation in 

exposure, behaviour and incidence. 

Future work should combine incidence with facility-level data on mammography, diagnostic 

capacity and screening services, including the private sector, to test whether mismatch 

between risk and reported incidence reflects access and reporting. Analysis at Local 

Government Area or facility level, where data allow, would show whether the randomness at 
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state level conceals local clustering. As DHIS2 records accumulate and private-sector 

reporting is integrated, longer time series will permit trend analysis with greater power. 

Dedicated studies are also needed in the conflict-affected north-east, where surveillance gaps 

are largest. 

Conclusions 

Reported breast cancer incidence in Nigeria between 2021 and 2025 showed no significant 

temporal trend in any state and no significant spatial clustering at the state level. Local 

clusters and outliers were few and mostly confined to single years. An ALAN-dominated 

component was the only significant predictor of incidence in OLS, and GWR indicated that 

this association varied across the country, but the finding is exploratory and ecological, and 

ALAN may stand in for urbanisation and health-service availability. Reported incidence does 

not fully capture the spatial burden of breast cancer in Nigeria. A clearer picture needs 

complete cancer registration that includes private facilities and conflict-affected states, 

alongside continued attention to risk-factor exposure. 
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