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ABSTRACT
Climate change poses existential threats to agricultural production in semi-arid regions of sub-Saharan Africa.
Despite growing recognition of these impacts, district-level spatial-temporal analyses integrating climate data with
crop production remain scarce in Nigeria. This study examines the impact of climate change on millet production
and economic performance across three districts of Sokoto State, Nigeria, using a Spatial Time Series

Autoregressive Integrated Moving Average (ST ARIM A) approach. Monthly climate data (temperature, humidity,

rainfall, solar radiation) and annual millet production records spanning 2000-2024 were analyzed for Sokoto
Central, Sokoto East, and Sokoto West districts. Climate trends were assessed using linear regression and Mann-

Kendall tests. Spatial autocorrelation was evaluated using Moran's T statistic. Multiple regression and ST ARIM A

modeling quantified climate-yield relationships and spatial dependencies. Economic impacts were estimated through
comparative  static  analysis.  Significant ~warming trends were detected in  Sokoto  East

(Kendall's tau = 0.440,p = 0.002) and Sokoto West (tau = 0.213,p = 0.142), with total
warming of 0.46 — 0.95°C over 24 years. Millet yields showed strong positive correlation with growing
season  rainfall (r = 0.566,p < 0.001) and  negative  correlation  with  temperature
(r = —0.467,p < 0.001). District-level ANOVA revealed significant yield differences
(F = 51.18,p < 0.001), with  Sokoto  Central  achieving  highest  average  yields
(0.480 £ 0.125 tons/ha) compared to Sokoto East (0.310 £ 0.067 tons/ha) and Sokoto West

(0.240 + 0.048 tons/ha). Multiple regression explained
47.81% of yield variance (R* = 0.4781,p < 0.001), with rainfall
(f = 0.00146,p < 0.001) and temperature (f = —0.0375,p < 0.001) as significant predictors.

STARIM A modeling confirmed significant spatial autocorrelation (Moran'sI = 0.487,p = 0.004) and
revealed spatial-temporal dependencies (spatial AR = 0.298,p = 0.001). Economic analysis
estimated annual climate-induced losses at ¥5.48 billion, with cumulative losses of ¥4 2.7 billion over the
study period. Sokoto West exhibited negative mean net income (—#0.29 billion), indicating unsustainable
farming conditions. Climate change has significantly impacted millet production in Sokoto State, with spatially
heterogeneous effects requiring district-specific adaptation strategies. The STARIMA framework provides a robust
tool for forecasting and policy planning. Urgent investment in climate smart agriculture, irrigation infrastructure,

and drought-resistant varieties is needed to safeguard food security in northwestern Nigeria.
Keywords: Climate change, Millet production, STARIMA, Food security, Economic impact, Nigeria
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1.0 INTRODUCTION

Agriculture remains the cornerstone of Nigeria's economy, directly and indirectly supporting over 70% of
the population and contributing approximately 25% to the national GDP (National Bureau of Statistics,
2018; Food and Agriculture Organization, 2008). The sector is particularly critical in northwestern
Nigeria, where semi-arid conditions prevail and crop production is predominantly rain-fed. Sokoto State,
located in the extreme northwest of Nigeria bordering the Republic of Niger, represents a microcosm of
the challenges facing Sahelian agriculture in the context of global climate change.

Climate change is marked by increased intensity and frequency of extreme weather

events, altered hydrological cycles, and precipitation variability, with profound implications for future
food availability (Food and Agricultural Organization, 2007). According to Jimoh and Adeoye, climate
variability is rapidly becoming the most important environmental challenge facing mankind, particularly
in developing countries where agriculture depends heavily on natural rainfall patterns (Nwaiwu et al.,
2014; Nwajiuba and Onyeneke, 2010; Odjugo, 2010). The Intergovernmental Panel on Climate Change
(IPCC, 2023) projects that crop yields in Africa may fall by 10 — 20%; by 2050, with some regions
experiencing declines of up to 5094 under severe emission scenarios.

Millet (Pennisetum glaucum) is a staple crop in Sokoto State and across the Sahelian

region, valued for its drought tolerance and nutritional significance. Pearl millet provides

essential calories and micronutrients for millions of households in semi-arid West Africa. However,
despite its relative hardiness, millet production is increasingly vulnerable to climate-induced stresses
including irregular rainfall, prolonged heat waves, and shortened growing seasons (Tofa et al., 2024;
Budnukaeku and Emmanuel, 2024).

Recent studies in the broader Sahel region have documented alarming trends. Research in Tangaza Local
Government Area of Sokoto State found that mean annual temperature increased from 32.4°C to 35.2°C
between 2005-2024, while mean annual rainfall

declined from 610 mm to 495 mm during the same period (Dauda et al., 2025).

Correspondingly, millet yields declined from 1,450 kg/ha to 980 kg/ha, representing a 32.494
reduction that threatens household food security and economic stability.

2.0 LITERATURE REVIEW

2.1 Climate Change and Agriculture in Nigeria

Nigeria's agricultural sector is highly vulnerable to climate change due to its

dependence on rain-fed farming, limited technological capacity, and high poverty

rates (Bryan et al., 2013; Kabubo, Mariara and Kabara, 2015; Mwendwa and Giliba, 2012).

The Food and Agricultural Organization (FAO, 2004) estimated that developing countries

experience 25% loss of cereals, 37% loss of root and tubers, and 53% loss of fruits

due to factors ranging from weather conditions to post-harvest handling.

Historical analysis of climate variability in Nigeria from 1931-2020 reveals significant correlations
between climatic factors and agricultural yields (Budnukaeku and Emmanuel, 2024). Temperature records
show gradual increases, with more pronounced warming in northern Nigeria. Regression coefficients
indicate that a one-degree increase in

temperature reduces millet yield by 0.18 units, while increased precipitation positively

impacts yield with a coefficient of 0.25. The Sahelian droughts of the 1970s and 1980s

caused agricultural output to decline drastically, leading to widespread food insecurity

and economic hardship (Mortimore, 1989).

Recent empirical investigations using Fully Modified Ordinary Least Squares (FMOLS) estimators found
that temperature has a significant positive impact on agricultural
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output in Nigeria (coefficient = 9.74,p < 0.01), while rainfall exhibited a negative and
significant effect (coef ficient = —0.88,p < 0.10) (Utuk et al., 2024). This paradoxical finding
suggests that excessive rainfall or flooding may be as damaging as drought in certain contexts,
highlighting the non-linear nature of climate-yield relationships.

2.2 Millet Production in the Sahel

Pearl millet is the most widely cultivated cereal in the Sahelian zone of West Africa,

accounting for over 50%p of total cereal production in countries like Niger, Mali, and northern Nigeria.
The crop's resilience to drought and poor soils makes it ideal for semi-arid environments where other
cereals fail. However, recent research indicates that even millet is not immune to climate change impacts.
Studies using the CERES-Millet model within the DSSAT framework project significant yield declines
under future climate scenarios. Tofa et al. (2024) found that temperature increases will shorten flowering
and maturity times, with the greatest yield losses

occurring under the SSP5-8.5 scenario in the 2075-2100 period. Early-maturing varieties

(CHAKTYI) are projected to decline by 30-72% across all locations, while the H80-10GR variety shows
more resilience with potential yield improvements of 0-3% depending on

agroecological zone.

In Niger Republic, research on urban millet farmers' perceptions revealed that 93.8% of farmers reported
declining crop yields, 91.3% observed unreliable rainfall patterns, and

88.1% experienced shortened growing seasons (Nature, 2025). These perceptions align with
meteorological data showing increased rainfall variability and more frequent extreme events.

2.3 Spatial Time Series Modeling in Climate Research

The Space-Time Autoregressive Integrated Moving Average (STARIMA) model represents a significant
methodological advancement for analyzing climate data, which inherently exhibits spatiotemporal
characteristics. Pfeifer and Deutsch (1980a, 1980b, 1981a, 1981b) developed the foundational framework
through a three-stage iterative procedure that integrates ARIMA modeling with spatial correlation
structures.

Recent applications demonstrate the versatility of STARIMA approaches. Saha et al. (2024) utilized
hybrid spatio-temporal modeling integrating STARMA with Artificial Neural Networks (ANN) and
Support Vector Machines (SVM) to predict annual precipitation across six districts in northern West
Bengal, India. Rathod et al. applied Two-Stage Spatio-temporal Time Series models to forecast rice yield,
demonstrating superior performance compared to purely temporal approaches. Kumar et al. employed
Hybrid Space-Time modeling for monthly temperature forecasting, achieving improved accuracy through
spatial dependency incorporation.

The STARIMA model class is specified as:

P#(B"s)p(B)V s"DVrdZ t = @(B"s)8(B)a_t

Where;

Z.is the N X 1 vector of observations at time t at N locations,

B is the backshift operator in time,

s is the seasonal period,

V is the dif ferencing operatar,

@ and 8 are temporal autoregressive and moving average polynomials,

¢ and @ are seasonal autoregressive and moving average polynemials,

and at is the spatially correlated innovation vectar.

This specification allows for simultaneous modeling of temporal trends,
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seasonal patterns,
and spatial dependencies critical for understanding how climate impacts propagate across geographic regions.

2.4 Theoretical Framework

This study is grounded in the Sustainable Livelihoods Framework (SLF) and Climate Change Adaptation
Theory. The SLF posits that agricultural households possess five types of capital assets-natural, physical,
human, financial, and social-that determine their vulnerability to external shocks and their capacity to
adapt (Scoones, 1998). Climate change acts as a transformative structural process that erodes natural
capital (soil moisture, biodiversity) and physical capital (infrastructure, equipment), thereby constraining
livelihood options.

Climate Change Adaptation Theory emphasizes that adaptation is not merely a technical challenge but a
social process involving knowledge systems, institutional arrangements, and power dynamics (Adger et
al., 2005). Indigenous knowledge and local coping strategies play crucial roles in complementing formal
scientific approaches to climate resilience.

3.0 METHODOLOGY

3.1 Study Area Description

Sokoto State is located in the extreme northwest of Nigeria, approximately between latitudes 11°33'42"N
and 13°59'07"N and longitudes 4°09'36"E and 6°45'33"E. The state occupies an area of short-grass
savanna vegetation in the south and thorn scrub in the north, with limited rainfall from mid-May to mid-
September. The region is subjected to the Sahara's harmattan (dry dust-laden wind) from November to
March, creating extreme seasonal contrasts (Encyclopaedia Britannica, 2017).

The state comprises twenty-three (23) Local Government Areas (LGAs) with a projected population of
6.3 million in 2019 (National Population Commission, 2019). For adequate representation, the state is
divided into three districts based on Independent National

Electoral Commission (INEC) records: Sokoto Central (Sokoto North Senatorial Zone): Centred at
approximately 13.05°N, 5.25°E, elevation ~300m. This district includes the state capital and surrounding
areas with relatively better infrastructure and higher population density. Mean annual rainfall
approximately 650 mm, with baseline temperature of 28.5°C.

Sokoto East (Sokoto East Senatorial Zone): Centered at approximately 12.90°N, 5.45°E,

elevation ~280m. Encompassing Wurno, Sabon Birni, and surrounding areas with moderate

agricultural development. Mean annual rainfall approximately 600 mm, baseline temperature

29.2°C. Sokoto West (Sokoto South Senatorial Zone): Centered at approximately 13.25°N, 5.00°E,
elevation ~320m. Including Gudu, Tangaza, and Illela areas bordering the Republic of Niger,
characterized by lower population density and more arid conditions. Mean annual

rainfall approximately 550 mm, baseline temperature 30.0°C. The inter-district distances are: Central-East
(27.35 km), Central-West (35.03 km), and East-West (62.37 km), creating a spatial configuration suitable
for neighborhood-based spatial weight matrices.

3.2 Data Sources and Collection

This study employed a mixed-methods approach combining secondary meteorological data with
agricultural production records:

3.2.1 Climate Data

Monthly climate data spanning January 2000 to December 2024 were compiled for the three study
districts from the following sources; Nigerian Meteorological Agency (NiMet) climate station records,
Sokoto State Ministry of Environment meteorological monitoring, National Centre for Remote Sensing
(NCRS) satellite-derived climate products, Global Precipitation Climatology Centre (GPCC) rainfall
datasets, Climate Research Unit (CRU) TS4.06 temperature and humidity records.

Variables collected include: Temperature (°C), Relative Humidity (%), Absolute Humidity (g/m?),
Humidity Index, Rainfall (mm), Precipitation (mm), Solar Radiation (MJ/m?), Latitude, Longitude,
Elevation (m), and ENSO Effect indicators.
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3.2.2 Agricultural Production Data
Annual millet production data for 2000-2024 were compiled from; Sokoto State Ministry of Agriculture
and Natural Resources, National Bureau of Statistics (NBS) agricultural surveys, Food and Agriculture
Organization (FAO) crop production databases, International Crops Research Institute for the Semi-Arid
Tropics (ICRISAT) regional crop monitoring reports.
Variables include: Growing season rainfall (mm), Growing season average temperature (°C), Growing
season maximum temperature (°C), Growing season average humidity (%), Growing season solar
radiation (MJ/m?), July-August rainfall (mm), Rainfall timing quality, Heat stress days, Yield per hectare
(tons/ha), Cultivated area (hectares), Total production (tons), Price per ton (Naira), Economic value
(Naira), Production cost (Naira), and Net income (Naira).
3.2.3 Community Knowledge and Perception Data
Primary data on farmer perceptions were collected through structured questionnaires, oral interviews, and
direct observation across the three districts. A total of 450 respondents
(150 per district) were randomly selected using stratified sampling proportional to district population. The
questionnaire covered: demographic characteristics, farming practices,
climate change awareness, observed impacts, coping strategies, and adaptation needs.
3.3 Analytical Methods
3.3.1 Descriptive and Diagnostic Statistics
Summary statistics (mean, standard deviation, minimum, maximum, coefficient of variation, skewness,
kurtosis) were computed for all climate and production variables. Seasonal patterns were analyzed
through monthly aggregation and visualization. The Jarque-Bera test assessed residual normality, while
the Breusch-Pagan test evaluated heteroskedasticity.
3.3.2 Trend Analysis

Linear regression was applied to detect temporal trends in climate variables and yields:
Y. = Bo+ Byt + &
Where Y,is the variable of interest at time t,
B,is the trend coef ficient, and
.15 the error term.
The Mann — Kendall non
— parametric test was used to confirm trend significance without assuming normality:
5 = Z{i < j}sign(x; — x;)
Where § is the Mann — Kendall statistic, and
Xj»
3.3.3 Correlation and Regression Analysis

Pearson correlation coef ficients were calculated between climate variables and millet yvield.

x;are sequential data values.

Multiple linear regression was specified as; Yield_i
= By + BiRainfall i + B:Temperature_i + [sHumidity_i
+ BsiHeatStress_i + &0
Where Yield_i is the yield per hectare in district i, and climate variables represent growing
season averages. Variance Inflation Factors (VIF )assessed multicollinearity,
with VIF < 5 indicating acceptable levels.
3.3.4 Spatial Autocorrelation Analysis
Moran's I statistic was computed to test for spatial autocorrelation in yvield data:
I = (N/W) X [EZwy(z — 2)(z — D]/ [Ei(z — D)7
Where;
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N is the number of districts, W is the sum of spatial weights,
w;; Is the spatial
weight between districts i and j,
z; is the yield in district i,and Z is the mean yield.
Spatial weights were computed using inverse distance weighting:
i = 1/d;fori # jandw; = 0

Where d;; is the Euclidean distance between district centroids.

W

Weights were row standardized te sum te unity for each district.
3.3.5 STARIMA Modeling
The STARIMA model was specified following Pfeifer and Deutsch (1980a,1981b):
VWL Z = DoP D™ 0 W Z oy + @, — Ti0® Do B WP gy
Where Z,is the N X 1 vector of observations at time t,
WWis the | — th order spatial weight matrix,
iy and By, are spatial temporal auteregressive and moving average parameters,
and c,is the spatially correlated innovation vector.
Model identification followed the three
— stage iterative procedure of Pfeifer and Deutsch (1980a):
i. identification of temporal ARIMA structure for each location.
ii. estimation of spatial autecorrelation in residuals
ili. jeint estimation of space — time parameters.
Madel selection employed the Akaike Information Criterion (AIC) and Bayesian Information
Criterion (BIC),with lower values indicating preferred models.

3.3.6 Economic Impact Assessment

Economic losses were estimated by comparing actual yields to counterfactual yields under stable climate
conditions (2000 baseline). The difference was multiplied by cultivated area and market prices to obtain
monetary values. Net present value calculations were applied

using a 10% discount rate:
0SS

NPV = X{t=0}T ((f )

e
+ 7).

Where;

Loss,is the annual loss in year t,

r is the discount rate, and

T is the time horizon.

3.3.7 Structural Break and Stability Testing
The Chow test evaluated structural breaks in the climate — vield relationship:

F = [(S5E; — (55E, + 55E,)) / k] /[(S55E, + 55E,) / (ny; + n, — 2k)]
Where ;

SSEgis the restricted model sum of squared errors,

SSE and S5E,are unrestricted model errors for sub periods,

k is the number of parameters, and n,, n,are sub sample sizes.
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3.3.8 Model Validation

Cross-validation was performed using a hold-out sample (2020-2024). Model performance was evaluated
using Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Theil's

U statistic, and directional accuracy:

RMSE = V(2(y, = 9)* /)

MAPE = (100/n) X I (y;— ¥:) /¥

Theil'sU = V(Z(y,— $)% /n) / (V(Ey¥/m) + V(ZF./m))

Directional Accuracy = (1/n) X ZI[sign(y;— yg_1y) = sign(y; — ¥u—n)]

4.0 RESULTS AND DISCUSSION
4.1 Descriptive Statistics of Climate Variables
Figure 1: Temperature Time Series by District

Figura 1: Monthly Temparaturas Tima Sarias by District {2000-20243)
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The three panels displaying monthly temperature (2000 — 2024) for each district with raw data (light),
12 — month moving averages (bold), and linear trend lines (dashed red). Each panel includes the
warming  trend rate.  With  Sokoto  Central Having mean  26.23°C, warming
+0.017°C /year (not significant,p = 0.311), Sokoto East with mean 26.92°C, significant
warming +0.036°C/year (p= 0.050) and Sokoto West mean 27.79°C, significant warming
+0.037°C/year (p= 0.044). The 12-month moving averages reveal clear seasonal cycles
(peaks April — May, troughs December — January) and episodic warmings during El Nifo
yvears (2009 — 2010,2015 — 2016). The trend lines show East and West warming at twice the rate
of Central, creating a spatial divergence that intensifies the aridity gradient.
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Table 1.Descriptive Statistics of Monthly Climate Variables by District (2000

— 2024)
Variable M 5D Min Max N
Sokoto Central
Temperature (°C) 26.23 2.38 2013 3255 300
Relative Humidity (%) 1921 10.85 5.00 50.40 300
Absolute Humidity (g/m?) 4.74 2.91 0.97 13.97 300
Rainfall (mm) 28.28 3642 0.00 143.45 300
Precipitation (mm) 2849 36.52 0.00 14412 300

Solar Radiation {M};’m:] 209.68 2235 154.40 261.35 300
Sokoto East

Temperature (°C) 26.92 2.50 21.11 33.21 300
Relative Humidity (%) 17.93 10.12 5.00 52.00 300
Absolute Humidity (g/m?) 458 2.85 0.98 13.63 300
Rainfall (mm) 26.09  35.18 0.00 151.54 300
Precipitation (mm) 26.30 3528 0.00 15221 300

Solar Radiation {M};’m:] 209.85 22.89 148.49 260.13 300
Sokoto West

Temperature (°C) 27.79 2.46 21.86 3469 300
Relative Humidity (%) 1545 928 5.00 50.70 300
Absolute Humidity (g/m?) 413 272 1.04 1291 300
Rainfall (mm) 2541 35.67 0.00 162.43 300
Precipitation (mm) 25.60 35.77 0.00 163.10 300
Solar Radiation (MJ/m?) 209.27 23.12 143.85 279.86 300

Note; M = mean; 5D = standard deviation; Min = minimum;

Max = maximum;

N = sample size. Monthly data from January 2000 to December 2024

(300 months per district).

Temperature measured in degrees Celsius; humidity in percentage or grams per cubic
meter; rainfall and precipitation in millimeters; solar radiation in megajoules per
sguare meter.

The results reveal distinct climatic gradients across the districts. Sokoto West exhibits the highest mean
temperature (27.79°C) and lowest humidity (15.45%4), reflecting its more arid conditions and
proximity to the Sahara. Sokoto Central shows the highest humidity (19.21%) and most favorable
rainfall (28.28 mm/month average), consistent with its relatively better water availability. The

coefficient of variation for rainfall exceeds 100% in all districts, indicating extreme variability
characteristic of Sahelian climates.

20



Danchade et al. ..... ..... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026

4.2 Seasonal Climate Patterns and Trends
Figure 2: Rainfall Time Series by District

Figure 2: Monthiy Rainfall Time Series by District {2000-2024)
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The three panels with monthly rainfall bars, 12 — month moving averages, and annual mean markers.
The bar format emphasizes the discrete, episodic nature of Sahelian precipitation. Sokoto Central: Mean
28.28 mm/month, highest and most reliable rainfall, Sokoto East: Mean 26.09 mm/month,

declining trend —0.096 mm/year and Sokoto West: Mean 25.41 mum/month, most variable
(CV = 1409). The bar charts reveal extreme seasonality — virtually zero rainfall November-March,
explosive wet season peaks July — August (up to 160 mm in single months). The moving
averages capture drought years (2000,2009,2014, 2020) and wet years (2003,2006,2012,2018).
East shows a subtle drying trend with fewer wet years in the 20105 — 20205 compared to the 2000s.
Table 2.Climate Trend Analysis by District (2000 — 2024)

District Variable Trend/Year Total Change R* p MKt MKp
Sokoto Central Temperature (°C) 0.019 0.46 003 311 .160 .27€
Annual Rain (mm) 0.05 1 000 959 .027 872

Sokoto East Temperature (°C) 0.039 0.94 013 .050 .440 .002
Annual Rain (mm) — 1.48 — 36 085 .157—.200 .170

Sokoto West  Temperature (°C) 0.040 0.95 014 .044 213 .142
Annual Rain (mm) — 0.29 -7 002 .B24 .020 .908

Note.

Trend/Year = linear regression coef ficient (slope) per year;
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Total Change = cumulative change over 24 yvears;

R* = coefficient of determination;
p = two — tailed significance from linear regression;

MK 1 = Kendall's tau from Mann — Kendall nonparametric trend test;

MK p = two — tailed significance from Mann — Kendall test=p < .10##p < .05.
Annual rainfall = summation of monthly rainfall for each year.

The results of linear trend analysis and Mann-Kendall non-parametric tests for climate variables.
Significant warming trends were detected in Sokoto East
(linear trend: + 0.0392°C/year,p = 0.050; Mann — Kendall tau = 0.440,p =

0.002)

and Sokoto West

(linear trend: + 0.0398°C/year,p = 0.044; Mann — Kendall tau = 0.213,p =
0.142)

The Mann-Kendall Type equation here.results confirm the robustness of warming trends, particularly in
Sokoto East where the trend is highly significant even under non-parametric assumptions. Sokoto Central
shows a similar warming trend (+0.46°C over 24 years) but with higher inter-annual variability,
rendering it  statistically insignificant at conventional levels. These warming rates
(0.019 — 0.040°C/year) are consistent with IPCC projections for the Sahel region and align with
findings from Tangaza LGA where temperatures increased from 32.4°C to 35.2°C (Dauda et al.,
2025).Rainfall trends are less pronounced but indicate declining patterns in Sokoto East
(—36 mm over 24 years) and Sokoto West (—7 mm). The high inter-annual variability
(coef ficient of variation: 10.5 — 15.2%) masks linear trends, suggesting that climate change
manifests more through increased variability and extreme events than through steady declines. This
finding is consistent with the "climate variability hypothesis" proposed by Mortimore (1989) for the
Sahel, where rainfall reliability rather than total amount determines agricultural outcomes.

4.3 Millet Production Trends and Spatial Variation

Table 3.Millet Production Statistics by District (2000 — 2024)

Variable M 5D Min Max N

Sokoto Central

Yield (tons/ha) 0.480 0.125 0.310 0.820 25
Total Production (tons) 24,200 8,234 14,009 36,897 25
Cultivated Area (ha) 50,601 4,234 42124 585,481 25
Economic Value (billion ¥) 5.59 2.89 113 1136 25
Net Income (billion ¥) 2.29 2.15 — 2.67 6.78 25

Sokoto East

Yield (tons/ha) 0.310 0.067 0.220 0.480 25
Total Production (tons) 12,088 3456 8,889 18,303 25
Cultivated Area (ha) 39,126 3,456 33,057 45,838 25
Economic Value (billion®) 2.76 1.23 0.89 521 25
Net Income (billion %) 0.20 0.98 — 1.83 2.09 25
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Sokoto West

Yield (tons/ha) 0.240 0.048 0.200 0.390 25
Total Production (tons) 7,326 2,234 5417 11674 25
Cultivated Area (ha) 30,757 2,890 24944 35364 25
Economic Value (billion ) 173 0.89 0.54 366 25
Net Income (billion ¥) —0.29 0.67 —1.18 0.68 25
Note;
M = mean; 5D = standard deviation;

Min = minimum; Max = maximum

N = number of years.

¥ = Nigerian Naira.

Vield = total production divided by cultivated area.

Net income = economic value minus production costs.

Production data represent annual aggregates for each district from 2000 to 2024,
The descriptive statistics and trends for millet production variables, the production data reveal
substantial ~ spatial ~ disparities. = Sokoto  Central achieves the highest yields
(0.480 + 0.125 tons/ha), approximately double those of  Sokoto West
(0.240 + 0.048 tons/ha). This gradient reflects the underlying climate gradient, with Central's
better rainfall and soil conditions supporting higher productivity. Trend analysis indicates
declining yields across all districts, with Sokoto East showing statistically significant decline
(—0.0036 tons/ha/year,p = 0.049). While Sokoto Central and West show similar trends,
higher inter-annual variability renders them marginally insignificant. The overall production
decline of 22.5%4 from 2000 to 2024 aligns with projections by FAO (2006) and IPCC (2023)
for African cereal production. Notably, Sokoto West shows negative mean net income
(—#0.29 billion), indicating that production costs exceed revenues in this most vulnerable
district. This finding has critical implications for farmer livelihoods and food security, suggesting
that without adaptation support, farming in Sokoto West may become economically
unsustainable

4.4 Correlation Analysis
Table 4. Pearson Correlations Among Climate Variables and Millet Production Outcomes

Variable 1 2 3 4 5 6 7

1.Growing Season Rf.(mm) 1.00

2.Growing Season Avg T.(°C) — .26 === 1.00

3.Growing Season Hum. (%) 20% —42#xx 1,00

4. Heat Stress Days —.16 S9#xx — 23 = 1.00
5.Yield per hect.(tons/ha) S57#xx — 47 wex 44wxe —12 1.00

6.Total Production (tons) S50 ##x — LS4 xex 46 #xx —09 96#=+x 1.00

23



Danchade et al. ..... ..... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026

7.Economic Value (B.®) .39#%#x —43 #x+  37%#x —07 .68#x+ B2=+#x 1.00

Note;

N = 75 (3 districts X 25 years).sp < .05#+p < .0ls#+p < 001 (two — tailed).
Growing season = May through October.Heat stress days
= number of days with temperature exceeding 38°C during the growing season.
Economic value = total production X market price per ton.

The Pearson correlation matrix between climate variables and production outcomes. The
correlation analysis reveals strong and statistically significant relationships:

First, the rainfall-yield relationship (r = 0.566,p < 0.001) shows that growing season
rainfall is the strongest positive predictor of millet yield, confirming that water availability is the
primary limiting factor in semi-arid agriculture. This aligns with findings from Tangaza LGA
where declining rainfall (610 mm to 495 mm) corresponded with yield reductions (Dauda et
al., 2025).

Second, the temperature-yield relationship (r = —0.467,p < 0.001) indicates that higher
temperatures during the growing season significantly reduce yields, likely through increased
evapotranspiration, heat stress during flowering, and accelerated crop development reducing
grain filling duration. The negative coefficient of —0.18 for temperature reported by
Budnukaeku and Emmanuel (2024) for Nigerian millet is consistent with our findings.

Third, the humidity-yield relationship (r = 0.437,p < 0.001) suggests that higher humidity
reduces water demand and supports better crop growth, though excessive humidity may increase
disease pressure.

Fourth, the moderate negative correlation between rainfall and temperature (r = —0.260) and
between temperature and humidity (» = —0.422) indicates that climate variables interact in
complex ways, requiring careful interpretation of individual coefficients in regression models.
4.5 Multiple Regression Analysis

Table 5.Multiple Linear Regression Predicting Millet Vield from Climate Variables

Variable B SE B t P VIF
Intercept 0717 0.235 — 3.06 003 —
Growing Season Rainfall (mm) .0015 .0003 41 456 =<.001 1.23
Growing Season Avg Temp (°C) —.0375 .0089 —.39 — 420 =< .001 1.45
Growing Season Humidity (%) 0078 .0022 30 364 <.001 1.34
Heat Stress Days L0000 0012 00 0.00 1.000 1.12
Note.;

N = 75.B = unstandardized regression coef ficient

SE = standard error

B = standardized coef ficient
VIF = variance inflation factor.
R* = 478, adjusted R* = .448,
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tons
F(4,70) = 15.89,p < .001.RMSE = 0.089
1a
Durbin Watso = 1.97.
tons
Dependent variable = vield per hectare ( )
1a

Robust standard errors used due to heteroskedasticity (Breusch — Pagan LM

= 11,957.10,p < .001).
The results of multiple linear regression predicting millet yield from climate variables. The regression
model explains 47.81% of yield variance (Adjusted R* = 0.4482), which is substantial given the
inherent variability of rain-fed agriculture. All climate variables except heat stress days show statistically
significant effects. The rainfall coefficient (§ = 0.00146,p < 0.001) indicates that each additional
millimeter of growing season rainfall increases yield by 0.00146 tons/ha. For a typical 300 mm
growing season, this translates to 0.44 tons/ha-approximately the yield difference between Sokoto
Central and Sokoto West. This finding underscores the critical importance of rainfall conservation and
supplemental irrigation. The temperature coefficient (§ = —0.03748,p < 0.001)indicates that each
1°C increase in growing season temperature reduces yield by 0.0375 tons/ha. Over the observed
warming of 0.5 — 1.0°C, this implies losses of 0.019 — 0.038 tons/ha, or 4 — 8% of average
yields. Under projected future warming of 2 — 3°C by 2050 ({PCC,2023), yield losses could reach
15 — 259%) without adaptation. The humidity coefficient (f = 0.00783,p < 0.001) indicates that
each 194 increase in relative
humidity increases yield by 0.0078 tons/ha, reflecting the importance of atmospheric
moisture in reducing crop water stress. The Variance Inflation Factors (VIF < 1.5) indicate minimal
multicollinearity, supporting reliable coefficient estimation. The Durbin-Watson statistic (1.967)
suggests minimal autocorrelation in residuals. However, the Breusch-Pagan test indicates significant
heteroskedasticity (LM = 11957.10,p < 0.001), suggesting that the error variance increases with

predicted values. This is common in agricultural data where high-yield years show greater absolute
variability. Robust standard errors were used to correct for this issue.
4.6 Spatial Autocorrelation Analysis

Table 6.Spatial Autocorrelation Analysis Using Moran's I Statistic

Variable Moran's I E(I) Z p Pattern

Yield (tons/ha) 49 —.33 2.89 004 Positive clustering
Temperature (°C) 62 — .33 346 =< .001 Strong clustering
Rainfall (mm) 35 — .33 212 034 Moderate clustering
Humidity (%) 41 — .33 257 010 Positive clustering
Solar Radiation (M]J/m*) .23 — .33 1.79 074 Weak clustering
Economic Value (billion % 51 — .33 299 003 Positive clustering
Net Income (billion ¥) 48 —.33 285 .004 Positive clustering

Note Danchade et al. ..... ..... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026

E(I) = expected Moran's I under the null hypothesis of spatial randomness.
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Spatial weights based on inverse distance between district centroids (row standardized).

z = standard normal deviate.p = tweo — tailed probability.

Paositive clustering indicates that similar values tend to occur in neighboring districts.
The spatial autocorrelation analysis results using Moran's 1 statistic, the analysis reveals significant
positive spatial dependence across all variables. Moran's I values range from 0.35 to 0.62, indicating
that districts with similar yields, temperatures, and rainfall patterns cluster together geographically. The
strongest spatial autocorrelation occurs for temperature (I = 0.6234,p < 0.001), reflecting the
broad-scale climatic gradients across Sokoto State. Yield and economic value also show strong spatial
clustering (I & 0.49 — 0.51,p < 0.01), confirming that climate impacts propagate across district
boundaries through shared weather systems and market integration. This clustering validates the use of
STARIMA modeling, which explicitly accounts for such spatial dependencies. The significant spatial
autocorrelation also implies that adaptation interventions in one district will generate spillover benefits in
neighbouring districts, supporting the economic rationale for regional coordination.

4.7 STARIMA Model Results

Table 7.5TARIMA Model Parameter Estimates

Parameter Estimate SE t jil Interpretation
Temporal AR (¢1) 45 09 507 =.001 Strong persistence
Temporal MA (8%) 23 07 345 001 Short term shocks
Seasonal AR (#1) 39 08 491 <= .001 An.cy.persistence
Seasonal MA (81) —.16 05 —289 .004 Seasonalreversal
Spatial AR (¢10) 30 09 3.23 001 Neighbor influence
Spatial MA (610) .19 .06 3.07 002  Spatial shock correlation
Seasonal Spatial AR (¥15) .21 07 3.00 003 Seasonal spatial lag
Innovation Variance (g°) .02 005 520 =.001 Residual variance

Note.

STARIMA(1,1,1)(1,1,1) 2 with first order spatial weights. Model fit:log— likelihood
= —245.67,AIC = 507.34,BIC = 523.89.Diagnostic tests: Ljung — Box Q(12)

= B8.45,p = .747; Jarque — Bera JB = 234,p = .311.4AR

= autoregressive; MA = moving average.

Tem E capture 12

" Danchade et al. ..... ..... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026
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The STARIMA model specification and parameter estimates, the model was identified as
STARIMA(1,1,1)(1,1,1)12 with first-order spatial weights, based on AIC and BIC minimization
across candidate specifications. The model successfully captures both temporal and spatial dynamics in
millet yield data. The significant temporal AR parameter (@1 = 0.452,p =< 0.001) indicates that
current yields depend strongly on previous year's yields, reflecting persistent soil conditions, farmer
experience, and gradual technology adoption. The temporal M A parameter (81 = 0.234,p = 0.001)
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captures short-term shocks from weather extremes. The seasonal
AR (¥, = 0.388,p < 0.001) and MA (@, = —0.157,p = 0.004) parameters confirm strong
12 — month cyclical patterns driven by the monsoon cycle. The negative seasonal M4 suggests that
seasonal shocks (e.g., delayed rains) have lasting effects that reverse in subsequent seasons.

The significant spatial AR parameter (@10 = 0.298,p = 0.001) confirms that yields in one

district is influenced by yields in neighbouring districts. This spatial spillover likely operates through
shared weather systems, market price transmission, and knowledge diffusion among farmers. The spatial
M A parameter (815 = 0.188,p = 0.002) captures spatially correlated

shocks such as regional droughts or pest outbreaks. Model diagnostics confirm adequate fit: the Ljung-
Box test (¢ = 8.45,p = 0.747) indicates no significant residual autocorrelation, while the Jarque-
Bera test (JB = 2.34,p = 0.311) suggests approximately normal residuals. The
AIC (507.34) and BIC (523.89) values support model parsimony compared to simpler ARIMA or
purely spatial alternatives.

4.8 District-Level Vulnerability Assessment

Dimension [Indicator Weight Sokoto Central Sokoto East Sokoto West

Exposure

Temp.trend (°C/year) 25 Medium (.02) High (.04) High (.04)
Rainf. variability (CV%) .25 Low (10.5) Medium (12.0) High (15.2)
Extreme events freq. 20 Medium Medium  High Sensitivity
Yield dec.rt(tons/ha) A5 Medium (—.01) High (—.04) Medium (—.02)
Soil quality index 10 High (.75) Medium (.65) Low (.55)

Adaptive Capacity

Infrastructure index 05 High Medium Low
Composite Vulnerab.ndex 1.00 42 .58 g1
Classification Medium High Very High
Note;
cvV

= coefficient of variation.Vulnerability index ranges from 0 (low vulnerability)

to 1 (very high vulnerability).

Weights assigned based on relative importance in semi arid agricultural systems (exposure
= 709%, sensitivity = 25%,adaptive capacity = 5%).

Temy
this |
The district-level vulnerability indices based on climate exposure, sensitivity, and adaptive capacity, the
vulnerability assessment reveals a clear gradient, with Sokoto West being the most vulnerable district

bility i
Danchade et al. .......... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026 iy
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(Index = 0.71) due to high exposure (arid conditions, high rainfall variability), low soil quality, and
limited adaptive capacity. Sokoto East shows high vulnerability (Index = 0.58) primarily due to
significant warming trends and yield declines. Sokoto Central, despite having the highest yields, shows
medium vulnerability (Index = 0.42) because its better infrastructure and soil quality provide
buffering capacity. The vulnerability framework integrates three dimensions:
a. Exposure (temperature trend, rainfall variability, extreme events) weighted at 7 0%
b. Sensitivity (yield decline rate, soil quality) weighted at 25%4
c. Adaptive Capacity (infrastructure, technology access, institutional support) weighted at 594. The
high weighting for exposure reflects the dominance of climate factors in determining agricultural
outcomes in semi-arid environments.
4.9 Economic Impact Assessment
Table 9.Economic Impact of Climate Change on Millet Production (2024)

District Actual Counter Yield Area Production Value Loss
Yield factual Loss (ha) Loss (billion ¥)

(tons/ha) (tons/ha) (%)

Sokoto Central 38 43 21.0 57,560 12,088 289
Sokoto East 22 31 30.0 43,380 9,331 223
Sokoto West 23 24 42 35424 1,488 0.36
Total 18.4 136,364 22,907 5.48
Note.

Counterfactual yield = 2000 baseline adjusted for technology trend (1% annual
improvement).

Value loss = production loss X market price (#800,000 per ton in 2024).

Cumulative losses (2000 to 2024) estimated at ¥42.7 billion using net present value at
10% discount rate.

# = Nigerian Naira; 1 USD % ¥800 (2024 average).

The economic impact of climate change on millet production in 2024, the economic analysis reveals
substantial climate-induced losses. In 2024, total production loss across the three districts was estimated
at 22,907 tons, with a monetary value of #5.48

billion (approximately $6.8 million at current exchange rates). Sokoto Central bears the
largest absolute loss (#2.89 billion) due to its larger cultivated area, while Sokoto East

shows the highest proportional loss (30.0% yield reduction).When projected over the 2000 — 2024
period using net present value calculations (10% discount rate), cumulative climate-induced losses
are estimated at ¥#42.7 billion. This figure represents a significant drain on the state economy and

undery Danchade et al. ..... ..... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026 -N0.29
billio
support, farming in this district may become economically unviable, potentially triggering
rural-urban migration and further destabilizing food systems.

28



4.10 Model Validation and Comparative Performance
Table 10. Model Validation Results for Hold-Out Sample (2020-2024)

Model RMSE MAPE Theil's Directional AIC  BIC
(tons/ha) (%) u Accuracy (%)

Naive (No Change) 124 284 89 523 — —

ARIMA(1,1,1) .098 221 J1 0 647 612.45 52834

SARIMA(1,1,1)(1,1,1)% 085 19.3 62 T12 578.23 598.67

STARIMA(1,1,1)(1,1,1)42 067 15.3 53 78.9 507.34 523.89

Note.

N = 15 (3 districts X 5 years).RMSE = root mean square error;

MAPE = mean absolute percentage error;

Theil's U = Theil's inequality coef ficient (0 = perfect forecast,1 = no

better than naive);

Directional Accuracy = percentage of correct up/down predictions;
AIC = Akaike Information Criterion;

BIC = Bayesian Information Criterion.

Lower RMSE, MAPE, Theil's U, AIC, and BIC indicate better model performance.
The validation results for the hold-out sample (2020 — 2024 ), the STARIMA model substantially
outperforms both naive and purely temporal ARIM A alternatives. The 31.6%4 reduction in RMSE
compared to ARIM A (0.067 vs.0.098 tons/ha) demonstrates the value of incorporating spatial
dependencies. The MAPE of 15.3% is acceptable for agricultural forecasting, were inherent weather
variability limits predictability. The high directional accuracy (78.9%) is particularly valuable for policy
planning, as it correctly predicts yield increases or decreases in nearly 4 out of 5 cases. The Chow test for
structural break at 2012 (F = 0.492,p = 0.05) indicates no significant structural change in the
climate-yield relationship, suggesting that the estimated parameters are stable over the study period and
suitable for forecasting. This stability is important for policy confidence, as it implies that adaptation
strategies based on historical relationships will remain effective in the near term.

4.11 Discussion of Key Findings

The strong positive correlation between rainfall and millet yield (# = 0.566) confirms that

water availability remains the primary constraint on Sahelian agriculture. This finding aligns

with Olaniran and Sumner (1989), who observed high correlations between rainfall variation

and ag Danchade et al. ..... ..... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026
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grain-filling stages (June — August ).The negative temperature effect (r = —0.467) is consistent

with Lobell et al. (2008), who found that rising temperatures worsen crop water stress, decrease soil
moisture, and increase pest and disease incidence. In the context of Sokoto State, where baseline
temperatures already approach the upper thermal limits for millet (30 — 35°C’), even modest warming
pushes crops into heat stress conditions. The regression coefficient of —0.0375 tens/ha per °C
implies that the observed 0.5 — 1.0°C warming over the study period has reduced yields by 2 — 494,
with accelerating impacts expected under future warming scenarios. The interaction between rainfall and
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temperature creates a compounding effect: higher temperatures increase evapotranspiration, effectively
reducing the water available from a given amount of rainfall. This "atmospheric thirst" effect means that
the same rainfall amount supports less crop growth in warmer conditions-a critical consideration for
future projections where both warming and rainfall changes occur simultaneously. The significant spatial
autocorrelation in yields (Moran's I = 0.487) and climate variables
(Moran'sI = 0.623 for temperature) confirms that agricultural impacts are not randomly
distributed but cluster geographically. This clustering has important implications for adaptation planning:
i.  regional coordination is needed because districts influence each other
ii.  targeted interventions should prioritize Sokoto West where impacts are most severe
iii.  Sokoto Central's relatively better conditions could serve as a buffer zone for regional
food security.

The STARIMA model's spatial AR parameter (@19 = 0.298) quantifies the strength of spatial
spillovers. This means that a 10% yield increase in Sokoto Central, achieved through improved varieties
or irrigation, would generate approximately 3% yield improvement in neighbouring districts through
knowledge diffusion, market price effects, and shared weather modification.

5. CONCLUSIONS AND RECOMMENDATIONS

5.1 Summary of Key Findings

This study has demonstrated significant impacts of climate change on millet production and

economy in Sokoto State, Nigeria, using a Spatial Time Series (STARIMA) analytical framework. The
key conclusions are:

First, climate change is real and significant in Sokoto State. Temperatures increased by

0.46 — 0.95°C across the three study districts over 2000-2024, with rainfall showing high

variability (CV = 10.5 — 15.294) and declining trends in some districts. These changes are
statistically significant and consistent with regional and global climate projections.

Second, millet yields are declining across all districts. Yield reductions of 21 — 30%% were observed,
with Sokoto East showing statistically significant decline (—0.0036 tons/ha/vear,p = 0.049).
The overall production decline of 22.5% from 2000 to 2024 threatens food security for thousands of
farming households.

Third, climate-yield relationships are strong and predictable. Rainfall (r = 0.566),

temperature (r = —0.467), and humidity (» = 0.437) show strong correlations with yields.
Multiple regression explains 47.81%% of yield variance, providing a robust basis for forecasting and
policy planning.

Fourth, spatial dependencies are significant and must be incorporated in agricultural planning. The
STARIM A model confirms that districts influence each other through spatial autocorrelation
(Moran'sI = 0.487,p = 0.004). This spatial structure means that adaptation investments generate

spillover benefits across district boundaries.
Fifth, economic losses are substantial and growing. Annual climate-induced losses are estimated at

Ho.48 Danchade et al. ..... ... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026
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Sixth, vulnerability is spatially heterogeneous. Sokoto West is most vulnerable (Index = 0.71),

followed by Sokoto East (Index = 0.58) and Sokoto Central (Index = 0.42). This gradient
reflects underlying climate, soil, and infrastructure differences that must inform targeted interventions.
5.2 Policy Recommendations
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Based on these findings, the following recommendations are proposed for policymakers, farmers,
researchers, and development partners:
For Policy Makers:

L
il.

1ii.

1v.

V1.

Prioritize climate adaptation in Sokoto West through targeted irrigation infrastructure,

Drought resistant seed distribution, and soil conservation programs. The vulnerability
index of 0.71 indicates urgent need for intervention

Establish a Sokoto State Climate-Smart Agriculture Fund (®10 billion over 5 years) to
finance adaptation investments with high benefit-cost ratios. The estimated annual losses of
#5.48 billion justify substantial public investment.

Integrate the 5T ARIM A forecasting framework into the State Ministry of Agriculture's planning
system. The 78.9%4 directional accuracy enables proactive rather than reactive policy responses,
reducing emergency relief costs and improving farmer preparedness.

Strengthen collaboration between NiMet, extension services, and local institutions to provide
timely, localized weather forecasts and climate advisories. The lag-1 temperature correlation
(r = —0.369,p = 0.076in Sokoto East) suggests that early warning systems could
improve planting decisions.

Develop district-specific adaptation plans rather than one-size-fits-all approaches. The

significant spatial heterogeneity in vulnerability (0.42 to 0.71) requires differentiated

strategies addressing specific constraints in each district.

For Farmers and Extension Services:

1.

ii.

iii.
1v.

Vi.

Adopt drought-resistant millet varieties such as H80-10GR, which shows resilience in DSSAT
modeling (Tofa et al., 2024). The CHAKTI variety, despite early maturity, shows greater
vulnerability and should be phased out in favor of more robust alternatives.

Implement water harvesting techniques (zai pits, contour bunding, half-moons) and mulching to
conserve soil moisture. The strong rainfall-yield relationship (r = 0.566) implies that even
small improvements in water availability can significantly boost yields.

Practice mixed cropping and intercropping (millet-cowpea, millet-groundnut) to diversify

climate risk and improve soil fertility. Currently practiced by 63.8%4 of farmers in Tangaza

LGA (Dauda et al., 2025), these systems should be promoted through demonstration plots and
seed subsidies.

Form cooperative groups to access credit, shared equipment, and bulk input purchasing. The
negative net income in Sokoto West ( —#0.29 billion) indicates that individual farmers cannot
bear adaptation costs alone.

For Researchers:

1.

ii.

iil.

Extend the STARIMA framework to additional crops (sorghum, cowpea, maize, rice) and more

Danchade et al. ..... ..... Int. Innovative Agric. & Bio. Res 14(3):13-34, 2026 strict

Integrate remote sensing data (NDVI, soil moisture, land surface temperature) with ground-based
observations for improved yield prediction. Satellite data could extend the spatial coverage
beyond the three study districts to encompass all 23 LGAs of Sokoto State.

Conduct participatory action research with farming communities to document indigenous
knowledge and integrate it with formal scientific approaches. The SLF emphasizes that local
knowledge is a valuable asset that can enhance adaptation effectiveness.
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iv.  Evaluate the cost-effectiveness of specific adaptation interventions through randomized
controlled trials. The economic analysis in this study provides aggregate estimates, but micro-
level data are needed to identify the most efficient investments.

For Development Partners:

i.  Support the scaling of proven adaptation technologies (solar irrigation, improved seeds,
conservation agriculture) through public-private partnerships. The high benefit-cost ratios of
irrigation in semi-arid zones (typically 3:1 to 5:1) justify blended finance approaches.

ii.  Facilitate South-South learning exchanges with other Sahelian countries (Niger, Mali, Burkina
Faso, Senegal) facing similar challenges. The CERES-Millet modeling experience from Niger
(Tofa et al., 2024) could be adapted for Sokoto State conditions.

iii.  Invest in agricultural insurance products tailored to smallholder farmers in semi-arid zones. The
spatial autocorrelation in yields (I = 0.487) suggests that area-based indices (rather than

individual farm assessments) may be feasible and cost-effective for index-basedinsurance.
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