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Abstract 7 
Anthro-forced climatic oscillations across the West African sub-region present severe challenges to regional 8 
ecological resilience, yet the fine-scale causal interactions governing localized thermal feedback loops remain elusive. 9 
This study bypasses traditional linear constraints by deploying a novel multivariate causality block network tracking 10 
architecture to evaluate multi-decadal surface air temperature (SAT) fluctuations across Nigeria. Utilizing a spatially 11 
continuous 44-year atmospheric profile from the NASA MERRA-2 reanalysis platform (1981–2024), this paper maps 12 
the evolving coupling between thermodynamic states and localized trace gas mixtures. The causality tracking 13 
identifies a profound, systemic regime shift structurally anchored to the historic 1998 climate tipping point. This 14 
transition is marked by a sharp SAT anomaly step-change, climbing from a pre-1998 baseline of −0.64 °C to a post-15 
1998 mean of 0.16 °C, coupled with a 66% expansion in internal thermal variance. While individual trace gas metrics 16 
yield weak standalone diagnostic correlations, masking their true impact, non-parametric distributional tracking 17 
confirms deep structural divergence across the two temporal eras (p < 0.001). Crucially, the multivariate network 18 
analysis uncovers a fundamental atmospheric paradigm shift: Nigeria's historical thermal baseline, once regulated by 19 
natural water-vapor feedbacks, has transitioned into a highly sensitive, multi-driver configuration. Forecast error 20 
variance decomposition demonstrates that contemporary Nigerian SAT shifts are now explicitly driven by a 21 
synergistic combination of internal chaotic atmospheric dynamics and joint greenhouse gas forcing. These findings 22 
uncover a localized thermodynamic vulnerability, providing an empirical basis for further investigation into the 23 
underlying climate mechanisms, spatial heterogeneity, and subcontinental patterns of climate sensitivity and 24 
adaptation. 25 
 26 

1. Introduction 27 
Quantifying regional surface air temperature (SAT) trends necessitates isolating the complex interplay between 28 
macro-scale planetary forcing and localized land-atmosphere feedbacks. Extensive literature attributes sub-continental 29 
thermal variability to external planetary drivers, including solar cycles, oceanic circulation patterns, and planetary-30 
scale teleconnections (Christy et al., 2009; Lockwood, 2012; Peng et al., 2017; Iyakaremye et al., 2021; Sun et al., 31 
2021). While these synoptic mechanisms govern macro-regional climate baselines, they frequently obscure the highly 32 
localized, non-linear thermodynamic boundaries that dictate climate responses within highly vulnerable tropical sub-33 
regions like West Africa. This critical analytical bias has left substantial gaps in the characterization of how local 34 
terrain emissions and micro-meteorological variables modulate sub-continental climate variability (Xie et al., 2015; 35 
Huth and Dubrovský, 2021). 36 
 37 
Although global anthropogenic greenhouse gas (GHG) mixing ratios dictate the planetary background state, regional 38 
empirical observations indicate that local source emissions and boundary layer profiles exert a decisive control on 39 
SAT variance (Huang et al., 2021; Liu et al., 2021; Engdaw et al., 2022; Qiao et al., 2024). Because the primary drivers 40 
of surface temperature trends exhibit significant spatial heterogeneity, resolving localized atmospheric composition is 41 
essential for elucidating underlying mechanisms and improving regional environmental predictions. 42 
 43 
The tropical geography of West Africa serves as a critical focus for climate dynamics due to the intense coupling 44 
regimes defining its land–atmosphere and ocean–atmosphere interfaces (Koster et al., 2004; Koster et al., 2006; 45 
Orlowsky and Seneviratne, 2010). Extreme proximity to the equator maximizes regional sensitivity to minor 46 
thermodynamic perturbations, making a precise decoding of its local boundary layer physics imperative (Nicholson, 47 
2009). The West African landmass exercises primary regulatory control over the migration and intensity of the 48 
Intertropical Convergence Zone (ITCZ), fundamentally influencing global atmospheric stability and radiative balance 49 
(Nicholson, 2009; Joly and Voldoire, 2010; Sultan et al., 2021). Albedo anomalies and dust-emission dynamics within 50 
the Sahara and Sahel zones directly alter global shortwave and longwave radiative profiles (Goudie and Middleton, 51 
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2001; Francis et al., 2022). Concurrently, convective processes along the Guinea coast modulate monsoon intensities, 52 
driving severe regional precipitation events and catastrophic localized flooding (Douglas, 2017). 53 
 54 
Multi-decadal simulations demonstrate that long-term changes in background GHG configurations shift mean 55 
temperature thresholds, directly explaining the amplification of extreme thermal anomalies observed over recent 56 
decades (Nicholson et al., 2013; Ringard et al., 2019; Lim et al., 2024). Globally, the mean SAT for the 2011–2020 57 
decadal normal accelerated to 1.1 °C above pre-industrial baselines (IPCC, 2021). This global thermal shift has 58 
destabilized regional climate systems, accelerating the frequency and magnitude of erratic meteorological extremes 59 
with each fractional increment of warming. While global investigations of these thermal anomalies are extensive, 60 
empirical models remain concentrated on extra-tropical latitudes, creating a sparse analytical framework for West 61 
Africa's internal sub-regional trends. Parallel to broader sub-continental shifts, Nigeria has experienced pronounced 62 
tropical climate variability over recent decades, driven by a sustained acceleration in localized SAT across its diverse 63 
agro-ecological zones (Okoh et al., 2015; Yusuf et al., 2017; Okoh et al., 2021; King et al., 2024; Kigigha et al., 2025). 64 
 65 
Isolating local climate parameters and evaluating their multi-decadal variance structures is an essential prerequisite 66 
for formulating actionable adaptation measures and emission-abatement legislation (Pitman et al., 2012). Furthermore, 67 
refining localized empirical knowledge of surface–atmosphere feedbacks is imperative to reduce structural 68 
uncertainties in downscaled climate projections (Pitman et al., 2012; Oduro et al., 2025). Within the Nigerian 69 
domain—where climate-induced disruptions pose immediate threats to demography, public health, agricultural 70 
stability, and water resource management—quantifying the discrete atmospheric constituents driving SAT variations 71 
is critically urgent. Prior diagnostic research demonstrates that regional landscape properties significantly modulate 72 
localized GHG column densities, directly altering surface thermal variance and compounding the frequency of 73 
extreme high-temperature anomalies (Groisman et al., 2000; Camberlin, 2017; Liu et al., 2021; Iyakaremye et al., 74 
2021). 75 
 76 
Rather than relying on conventional statistical approaches that over-simplify SAT variability by attributing it solely 77 
to non-localized global forcings (Collins, 2011), this investigation establishes the specific, decoupled associations 78 
between SAT and a suite of climate-active trace constituents. These include primary greenhouse gases—carbon 79 
dioxide (CO₂), methane (CH₄), ozone (O₃), and water vapor (H₂O(g))—alongside carbon monoxide (CO), evaluated 80 
here as a primary combustion tracer and a dominant metric of industrial emissions within West Africa. 81 
 82 
Thermodynamically, SAT displays an intimate coupling with longwave-absorbing trace gases that intercept outgoing 83 
terrestrial thermal emissions. The feedback loop governing SAT and CO₂ is particularly complex; its high structural 84 
residence time and elevated ambient concentrations enhance its capacity to trap outgoing longwave radiation while 85 
interacting with incoming shortwave fluxes, inducing systematic surface diabatic heating (Miller et al., 2012). 86 
Similarly, CH₄, O₃, and H₂O(g) function as highly effective radiatively active agents that modulate atmospheric 87 
shortwave and longwave transfer, thereby imposing a strong collective influence on regional SAT trajectories (Nijsse 88 
et al., 2019). Incorporating these individual gases accounts for the highly non-linear chemical-radiative interactions 89 
governing localized temperature trends. Although CO possesses negligible absorption capacity within the solar 90 
spectrum, it is integrated into this analytical framework due to its critical role as an indirect tropospheric chemistry 91 
driver, an ozone precursor, and a primary pollutant across the West African sub-continent. These interactions 92 
necessitate a comprehensive, quantitative decomposition of localized land-surface and atmospheric drivers to unravel 93 
their discrete influences on tropical climate systems. Accordingly, this paper isolates and thoroughly explores these 94 
atmospheric drivers. 95 
A major vulnerability in current Sub-Saharan climate literature is the pervasive reliance on classic linear regression 96 
models, standard bivariate trend metrics, and pairwise correlation coefficients to evaluate the relationships between 97 
surface air temperature (SAT) and ambient gas phases (Collins, 2011; Abbas et al., 2021; Xiang et al., 2023). These 98 
conventional frameworks fundamentally lack the mathematical capacity to isolate competing thermodynamic 99 
feedbacks in highly non-linear atmospheric systems—a descriptive limitation exacerbated by the known scarcity of 100 
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continuous ground-based weather monitoring networks across West Africa, which frequently forces overgeneralized 101 
interpretations of regional warming. To transcend these analytical bottlenecks, this study introduces a novel technical 102 
architecture by integrating traditional linear correlations with multivariate causality diagnostics (Oduro et al., 2025) 103 
within a multivariate block causality Vector Autoregressive (VAR) network. Unlike conventional approaches that 104 
treat atmospheric drivers as isolated inputs, this computational framework treats the regional air profile as an 105 
interconnected, multi-dimensional system. By systematically mapping the directional information flow between 106 
complex trace-gas configurations and SAT variances over a continuous 44-year timeframe, this paper quantitatively 107 
disentangles simultaneous, cross-coupled cause-and-effect vectors within complex time series (Liang, 2014). This 108 
non-linear tracking approach has demonstrated strong analytical utility across highly interdependent climate and 109 
environmental systems (Hagan et al., 2019; Qiao et al., 2024; Zhou et al., 2024), effectively unmasking the hidden, 110 
time-varying causal links that traditional statistical diagnostics routinely fail to capture. 111 
 112 
Granger causality procedures, multivariate block exogeneity tests, structured VAR architectures, and impulse response 113 
functions (IRFs) are deployed to quantify both discrete and collective causal drivers of SAT variations. Specifically, 114 
this study couples pairwise matrices, multivariate block restrictions, VAR(1) Cholesky identifications, VAR(4) 115 
models, and historical forecast error variance decompositions (FEVD) to generate a robust quantitative framework 116 
evaluating SAT–GHG interactions. This dual methodology is applied directly between SAT and localized climate-117 
inducing variables—an approach rarely executed in historical literature and representing only the second known 118 
application within this geographic zone. This framework is structured to resolve two fundamental questions: What 119 
precise role do local GHG emissions play in determining SAT shifts across Nigeria? Which discrete gas phase serves 120 
as the primary driver of these observed thermal transitions? 121 

By evaluating these complex atmospheric interactions at a highly localized scale, this study enhances the precision of 122 
sub-continental climate science. Furthermore, it establishes an empirical framework for resolving the thermodynamic 123 
characteristics and localized processes governing variability within the regional climate system. These diagnostic 124 
outcomes align directly with the United Nations Sustainable Development Goals, specifically targeting climate action 125 
(SDG 13), sustainable urban infrastructure (SDG 11), and terrestrial ecosystem conservation (SDG 15). This multi-126 
technique approach resolves nonlinear coupling within tropical atmospheric chemistry, revealing mechanisms 127 
governing regional atmospheric and climate variability. 128 

2. Methodology 129 
2.1 Study Area 130 

The geographic domain of this study encompasses Nigeria (3°–14° E longitude; 4°–14° N latitude), the most populous 131 
nation in Africa, spanning an area of approximately 923,770 km². It is bordered by Benin, Niger, Chad, Cameroon, 132 
and the Gulf of Guinea. The region exhibits highly heterogeneous ecological and macro-climatic gradients, 133 
transitioning from a highly humid rainforest and mangrove swamp ecosystem along the southern littoral zone to an 134 
arid Sahelian savannah in the extreme north. Topographically, the country reaches its apex at the Mambilla Plateau, 135 
rising above 1,800 m above mean sea level. 136 
 137 
The macro-climate is strictly modulated by the seasonal migration of the Intertropical Convergence Zone (ITCZ), 138 
inducing two distinct operational seasons: a wet season characterized by monsoonal maritime air masses (surfacing 139 
from March to October in the south and May to September in the north) and an intensely dry season governed by 140 
northeastern continental harmattan winds. Climatological mean annual temperatures vary from 24 °C across the 141 
highland domains to over 30 °C within the northern plains, where localized daily maxima frequently surpass 40 °C. 142 

The territory is segmented into six discrete agro-ecological zones: Sahel, Sudan, Guinea Savannah, derived Savannah, 143 
Tropical Rainforest, and Freshwater/Mangrove Swamp Forest. These zones form the agricultural and macroeconomic 144 
framework of the nation, making them acutely vulnerable to localized thermodynamic forcing. To optimize spatial 145 
diagnostic utility, this investigation highlights key high-emission centers: Lagos State (Southwest), Kano state 146 
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(Northwest), Rivers state (South-South, oil extraction and gas flaring core), and Abuja (Central, rapid urbanization 147 
hub). 148 

 149 
Figure 1 Map of the study area Nigeria: a agroecological zones, major industries states and high greenhouse gases 150 
emissions region of Nigeria b Nigeria’s location in Africa.  151 

2.2 Data Sourcing and Data Pre-processing Protocols 152 

Multi-decadal atmospheric tracking was executed by synthesizing satellite data, grid-assimilated reanalysis fields, and 153 
macro-scale inventory databases. Monthly gridded products from the Modern-Era Retrospective Analysis for 154 
Research and Applications, version 2 (MERRA-2) and the Atmospheric Infrared Sounder (AIRS) aboard the NASA 155 
Aqua satellite were extracted via the NASA Giovanni platform. Surface air temperature (SAT) data were acquired 156 
from the MERRA-2 M2TMNXFLX collection, which measures diagnostic temperature fields at the model's lowest 157 
model layer (HLML, ~60 m above the terrain). Total column ozone (O₃), total precipitable water vapor (H₂O(g)), and 158 
near-surface carbon monoxide (CO) concentrations were retrieved from the M2TMNXSLV and M2TMNXCHM 159 
collections, respectively. 160 

Dry-air column-averaged carbon dioxide (CO₂) mixing ratios were derived at a spatial scale of 0.5° × 0.625° from the 161 
Goddard Earth Observing System with Chemistry (GEOS-Chem, v10r) model, which incorporates assimilated satellite 162 
and in-situ trace-gas data arrays. Long-term annual anthropogenic greenhouse gas emission metrics (accounting for 163 
land-use changes, compiled as CO2_luc and CH4_luc) were integrated from the Emissions Database for Global 164 
Atmospheric Research (EDGAR, v2024). 165 

To overcome spatial resolution discrepancies among the source systems (ranging from 0.1° to 1.0°), all spatial arrays 166 
were resampled via bilinear interpolation onto a standardized grid resolution of 0.5° × 0.625°, matching the baseline 167 
MERRA-2 topography. The overarching study period extends from 1981 to 2024 to preserve long-term temporal 168 
consistency for temperature anomalies; however, satellite-era trace gas availability constraints dictated truncated 169 
operational windows for specific nodes, explicitly limiting GEOS-Chem CO₂ to 2015–2024 and AIRS CH₄ to 2013–170 
2024. Consequently, while long-term non-parametric Pettitt changepoint tracking utilizes the full 44-year baseline, 171 
the multivariate causality block networks and orthogonalized forecast error variance decompositions (FEVD) are 172 
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restricted to the synchronized, overlapping multi-gas temporal window. Although minor positive tropospheric tracer 173 
biases have been documented over portions of equatorial Africa within the MERRA-2 matrix (Gelaro et al., 2017; 174 
Satge et al., 2020; Ajibade et al., 2022; Sawadogo et al., 2023), its continuous horizontal grid structure provides the 175 
most robust empirical framework accessible given the absence of continuous in-situ ground-monitoring infrastructure 176 
across Nigeria. Indeed, while localized in-situ hydro-meteorological gauges frequently suffer from irregular spatial 177 
coverage and severe temporal gaps, the NASA MERRA-2 platform leverages a modern retrospective analysis 178 
framework. By ingesting many of continuous satellite soundings, radiosondes, and aircraft observations via a Three-179 
Dimensional Variational (3D-Var) grid data assimilation scheme, structural discontinuities or instrumentation drops 180 
over data-scarce geographic coordinate zones are resolved natively by the underlying global atmospheric simulation 181 
models. This data integration ensures that each targeted operational window operates on a mathematically stable, fully 182 
continuous, and un-interpolated data baseline. Table 1 presents a comprehensive overview of the structural 183 
architecture of the datasets, detailing their respective monitoring platforms, spatiotemporal resolutions, physical units, 184 
data identification codes, and product versions.  185 

Table 1 Description of the Datasets 186 
Serial 

Number 

Variable  Platform Spatial     

resolution 

Temporal 

resolution 

Data code and version Unit 

1 Surface air 

temperature (SAT) 

MERRA-2 0.5° x 0.625° Monthly M2TMNXFLX_5_12_4_TLML 

 

°C 

2 Carbon dioxide (CO2) GEOS-

CHEM 

0.5° x 0.625° Monthly OCO2_GEOS_L3CO2_MONTH v10r mol–1 (dry air) 

3 Carbon dioxide (CO2) EDGAR 0.1° x 0.1° Year CO2_including_luc Gg 

4 Methane (CH4) AIRS 1° x 1° Daily Mean_AIRS3STD_7_0_CH4_VMR_A 

 

mol mol–1 

5 Methane (CH4) EDGAR 0.1° x 0.1° Year CH4_including_luc Gg 

6 Total column ozone 

(O3) 

MERRA-2 0.5° x 0.625° Monthly Mean_M2TMNXSLV_5_12_4_TO3 

 

 

DU 

7 Total precipitable  

water vapor (H2O(g)) 

MERRA-2 0.5° x 0.625° Monthly M2TMNXSLV,   v5.12.4  Kgm–2 

8 Carbon monoxide 

(CO) 

MERRA-2 0.5° x 0.625° Monthly M2TMNXCHM,  v5.12.4 ppbv 

 187 
2.3 Climatological anomaly formulation 188 

To conduct uniform cross-comparisons across diverse gas and thermal parameters, values were converted into 189 
anomalies using the updated climatological normal baseline period (1991–2024). This standardization ensures that 190 
statistical causal testing is insulated from differences in absolute measurement scales. The specific monthly 191 
temperature anomaly Ai, j for month j in year i was computed using Eq. (1): 192 

𝐴𝑖,𝑗 = 𝑇𝑖,𝑗 − 𝑇̅𝑗                                                                   (1) 193 

where Ti,j is the observed parameter value for year i during month j, and T̄j is the long-term monthly baseline mean 194 
calculated across the entire baseline horizon. Trajectories for the greenhouse gas and carbon monoxide arrays were 195 
calculated identically using Eq. (1) by substituting the target tracer data in place of Ti,j. Annual mean anomalies (Ai) 196 
and decadal anomalies (Ad,k) were subsequently derived using standard spatial-averaging matrices. 197 

The monthly anomalies were averaged to obtain the annual temperature Ai as well as greenhouse gases and carbon 198 
monoxide anomalies for the year i. To obtain the decadal anomalies, the annual anomalies for temperature and gases 199 
for each year within a decade are averaged. Where 1/12 represents the averaging factor used to compute the annual 200 
temperature and other gases anomalies using same Eq. (2) by substituting Ai with individual gases.  201 

                                                      𝐴𝑖 =
1

12
∑ 𝐴𝑖,𝑗
12
𝑗=𝑖                                            (2) 202 

 203 
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                                            𝐴𝑑,𝑘 =
1

𝑛
∑ 𝐴𝑑,𝑘
𝑛
𝑘=1                                       (3) 204 

where Ad,k is the decadal anomaly for decade d, and k indexes the years within the decade, and 1/n is the averaging 205 
factor for calculating the decadal anomaly. 206 

2.4 Statistical change-point detection and distributional shift verification 207 

To isolate sudden regime shifts within the multi-decadal timeline, the non-parametric Pettitt change-point test was 208 
applied to the annual mean SAT anomaly series from 1981 to 2024. The Pettitt test evaluates a continuous timeline to 209 
identify a distinct change-point corresponding to a significant mean step-change. The algorithm splits the timeline of 210 
size T into two sub-samples (before and after the step year t) and evaluates the cumulative rank statistic Ut. 211 

𝑈𝑡 = ∑ ∑ 𝑠𝑔𝑛𝑇
𝐽=𝑡+1 (𝑋𝑖 − 𝑋𝑗)

𝑡
𝑖=1      (4) 212 

The critical change-point location is identified where the absolute value of Ut reaches its maximum. To cross-verify 213 
the change-point identified by the Pettitt test, Welch's Two-Sample t-Test and the Two-Sample Kolmogorov-Smirnov 214 
(K-S) Test were executed to isolate statistical variances and empirical continuous adjustments. 215 

2.5 Monotonic trend analysis 216 

Monotonic multi-decadal trends were evaluated using the non-parametric Modified Mann-Kendall (MMK) test, 217 
correcting for serial correlation features using effective sample size arrays. The direction and monotonic strength of 218 
the identified trends are quantified by Kendall’s Tau (τ), while actual magnitude scales were established using Sen's 219 
slope Estimator. 220 

2.6 Multivariate causality diagnostics and vector autoregressive (VAR) modeling 221 

Predictive causality vectors were isolated by developing a multi-variable first-differenced Vector Autoregressive 222 
VAR(4) network: 223 

∆𝑌𝑡 = 𝑐 + ∑ 𝛷𝑚
4
𝑚=1 ∆𝑌𝑡−𝑚 + 𝜖𝑡     (5) 224 

where ∆𝑌𝑡 represents the vector of first-differenced target elements (SAT, CO₂, CH₄, O₃, H₂O(g), and CO), c is a 225 
constant vector, Φm tracks the autoregressive coefficient matrices at lag m, and 𝜖𝑡 is a vector of un-correlated 226 
innovations. Structural vectors were handled via Cholesky decomposition schemes and historical Forecast Error 227 
Variance Decompositions (FEVD). 228 

Overall, the mathematical foundation of the multivariate causality block network tracking deployed herein relies on 229 
isolating directional state-space trajectories rather than simple statistical correlations. The model constructs a localized 230 
thermodynamic topology where individual variables—including localized macro-greenhouse gas mixing ratios, and 231 
atmospheric water-vapor matrices—are mapped as dynamic nodes within a joint information-theoretic framework. 232 
Causal networks are tracked through a multi-block non-parametric transfer entropy approach, measuring the precise 233 
reduction in the uncertainty of surface air temperature (SAT) states given the joint past states of the trace-gas variables. 234 
By computing the forecast error variance decomposition (FEVD) across orthogonalized innovation sequences, the 235 
architecture quantifies the exact percentage of chaotic internal atmospheric variance driven by collective, multi-gas 236 
radiative forcing versus standalone water-vapor feedback loops. This multi-layered network approach effectively 237 
eliminates confounding linear dependencies, providing an un-biased, physically grounded attribution of localized 238 
thermal anomalies 239 

3. Results 240 
This section presents the results derived from the computed framework, focusing on data metrics, analytical 241 
performance, and model evaluation. 242 
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3.1 Interannual variability and decadal-scale anomalies of surface air temperature and trace gases 243 
Multi-decadal empirical profiles reveal a robust, statistically coherent warming trajectory across the Nigerian domain 244 
from 1981 to 2024, parallel to systematic structural modifications in ambient trace gas concentrations. Region-wide 245 
surface air temperature (SAT) trends exhibit a robust decadal acceleration rate of 0.30 ± 0.42 °C decade⁻¹. This low-246 
frequency thermodynamic shift is accompanied by unique, non-linear decadal modifications across the independent 247 
atmospheric constituents: CO₂ accelerated at a median rate of 8.7 ± 64.3 mol–1 (dry air) decade⁻¹; CH₄ at 29.5 ± 48.7 mol 248 
mol⁻¹ decade⁻¹; O₃ at 1.74 ± 4.68 DU decade⁻¹; H₂O(g) at 0.33 ± 0.64 Kgm–2 decade⁻¹; and CO at 5.54 ± 11.41 ppbv 249 
decade⁻¹ (Fig. 2). 250 
 251 
Diagnostic correlation matrices computed across the total baseline timeline demonstrate a weak linear association (r 252 
= 0.10) between annual SAT and CO₂ anomalies, confirming that long-term greenhouse gas accumulation does not 253 
maintain a straightforward, direct linear relationship with interannual thermal fluctuations. The calculated Root Mean 254 
Square Error (RMSE) metrics confirm high model-data consistency and limit residual uncertainties: RMSE thresholds 255 
are constrained at 2.24 for SAT–CO₂, 7.78 for SAT–CH₄, 1.23 for SAT–O₃, 0.12 for SAT–H₂O(g), and 0.99 for SAT–256 
CO (Fig. 2). 257 

 258 
Figure 2 Interannual variability of mean anomalies of annual surface air temperature (unit: °C), ozone (unit: DU) & 259 
water vapor (unit: kgm–2) on the primary axis, carbon dioxide (unit: mol–1 (dry air)), methane (unit: mol mol–1), and 260 
pollutant carbon monoxide (unit: ppbv) on the secondary axis, over Nigeria from 1981 to 2024. Dashed lines represent 261 
linear trend lines corresponding to colors of each variable. Up right corner is the elaborated surface air temperature 262 
(SAT) for better visualization. The anomalies are calculated relative to the second decade (1991–2000) climate normal 263 
period.  264 

Linear regression trends indicate a major structural pivot during the late 1990s. While CO₂ and O₃ empirical layers 265 
exhibit a minor relative retrogression during the second decade (1991–2000), the subsequent two decades (2001–266 
2024) are marked by sustained, concurrent positive anomalies. This modern era shows an absolute step-increase of 267 
approximately 0.31 °C for SAT and 0.33 kgm-2 for H₂O(g), contrasting with negative trend lines of –8.70 mol–1 (dry 268 
air  decade⁻¹ for CO₂, 29.53 mol mol-1 decade⁻¹ for CH₄, and –5.50 ppbv decade⁻¹ for CO. 269 

During the initial decadal block (1981–1990), the SAT field is characterized by persistent negative thermal anomalies 270 
ranging between –1.1 °C and –0.1 °C (Fig. 2). This cool state persists through the second decade (1991–2000), 271 
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showing minor negative deviations from –0.9 °C to –0.1 °C. A structural thermodynamic transition occurs during the 272 
third decade (2001–2010), where annual SAT anomalies switch to positive configurations (0.1 °C to 0.9 °C). This 273 
positive shift intensifies during the final structural block (2011–2024), yielding persistent warm anomalies between 274 
0.4 °C and 0.7 °C relative to the baseline climate normal. 275 

Atmospheric moisture H₂O(g) displays a matching multi-decadal pattern on the primary axis. Negative anomalies 276 
predominate between –1.1 and –3.3 kgm-2 from 1981 to 2010 (Fig. 2 (Blue color)), transitioning into positive fields 277 
0.1 to 3.6 kgm-2 during the 2011–2024 block, despite isolated dry anomalies in 2016, 2020, and 2022 (Fig. 2). Total 278 
column O₃ deviates from this pattern, exhibiting consistent positive anomalies between 0.7 and 15.2 DU across all 279 
four decades (Fig. 2. (Orange color)), driven by lightning-induced nitrogen oxide production and sub-continental 280 
aviation emissions. 281 

On the secondary axis, CO₂, CH₄, and CO reveal consistent historical variations. During the first decade, negative 282 
anomalies range from –30.4 to –98.5 units. CO₂ peaks at 195.1 mol–1(dry air) during the second decade before 283 
initiating a structural decline post-2005, reaching its lowest point of –92.7 mol–1(dry air) during the 2011–2024 block, 284 
possibly due to regional energy transitions implementation. Ambient CH₄ transitions from negative baselines –29.7 to 285 
–116.5 mol mol–1 in the first decade to positive levels 0.3 to 68.6 mol mol–1 in the second, followed by structural 286 
declines through 2024 down to –31.8 mol mol–1. Near-surface CO mirrors this pattern, dropping significantly during 287 
the final decadal block (2021–2024) to values of –16.7, –20.6, –23.2, and –21.6 ppbv, respectively (Fig. 2.). This 288 
accelerated post-2000 warming aligns with broader extra-tropical anthropogenic climate signatures across eastern 289 
Asia, Western Europe, and North America (Van Oldenborgh et al., 2019; Raphael et al., 2019; Allbakash and Lim, 290 
2022). 291 

3.2 Evaluation of the 1998 climatic change-point and regime shifts 292 

Refined non-parametric Pettitt test matrices demonstrate that while individual atmospheric tracers exhibit divergent 293 
localized change-points—CO₂ and O₃ in 1991, CH₄ in 1995, CO in 1997, and H₂O(g) in 2009—the aggregate climate 294 
system converges on a single, major change-point in 1998. Evaluating individual timelines across varying baseline 295 
pivots introduces artificial trends and artifacts that distort true correlation structures. To eliminate covariance biases, 296 
1998 was selected as the universal pivotal year, segmenting the multi-decadal dataset into two continuous climate 297 
periods: Before the Change (BC: 1981–1997) and After the Change (AC: 1998–2024). 298 

The mean SAT anomaly shifted by 0.78 °C between the two periods, moving from –0.64 °C (BC) to 0.16 °C (AC). 299 
This step-change is accompanied by an expansion in thermal variance from 0.09 to 0.15, confirming increased climate 300 
instability in the modern era. The SAT skewness transitioned from positive (0.43) to negative (–0.53), reflecting a 301 
structural shift toward cold-tail anomalies within an accelerating warm mean state, while kurtosis shifted from –0.67 302 
to 0.19 as the distribution normalized (Table 2). 303 

Table 2 Summary statistics of annual surface air temperature and trace gases anomalies for the periods  304 
1981–1997 (before change) and 1998–2024 (after change) 305 

 

  

SAT (°C) Carbon dioxide 

(mol–1(dry air)) Methane (mol mol–1 ) Ozone (DU)   

 

Water vapor (kgm-2) 

 

Carbon monoxide 

(ppbv) 

 

 

1981–1997 1998–

2024 

1981–

1997 

1998–

2024 

1981–

1997 1998–2024 

1981–

1997 

1998–

2024 

 

1981–1997 

   

1998–

2024 

             

1981–

1997 

1998–

2024 

Mean 

 

-0.64 0.16 17.16 16.59 61.24 3.19 2.53 1.29 

 

0.003 -0.18 

 

14.25 1.38 

Stand. Dev. 
0.31  

0.38 84.77 57.36 52.73 20.82 9.82 10.46 
1.09 

1.37 
10.43 

10.59 

Variance 0.09 0.15 7186.43 3290.39 2780.48 433.28 96.43 109.29 1.19 1.89 108.84 112.36 

Skewness 0.43 -0.53 1.34 1.23 1.18 0.55 -0.48 -0.79 -0.07 -0.51 0.55 -1.10 

Kurtosis -0.67 0.19 1.01 0.57 0.89 -0.26 -0.59 -0.72 0.28 0.59 -0.91 1.04 

 306 
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Conversely, the ambient trace gas channels reveal structural declines in mean values between the BC and AC periods. 307 
Mean CO₂ compressed slightly from 17.16 to 16.59, while CH₄ dropped sharply from 61.24 to 3.19. Mean O₃ tracks 308 
down from 2.53 to 1.29 DU, H₂O(g) registers a minor drop from 0.003 to –0.18 kgm-2, and near-surface CO displays a 309 
sharp decline from 14.25 to 1.38 ppbv (Table 2). This relatively uniform trace-gas mitigation reflects declining 310 
anthropogenic emissions associated with energy-system decarbonization, transportation electrification, residential solar 311 
deployment, and compressed natural gas adoption. 312 

Table 3 Statistical comparison of Welch two sample t-test and Kolmogorov-Smirnov test 313 

 314 
 315 

 316 
Dual diagnostic verifications isolate distinct behaviors between the variables. Welch’s t-test values confirm highly 317 
significant shifts in mean positions for SAT, CH₄, and CO (p < 0.0001), while CO₂, O₃, and H₂O(g) means remain 318 
statistically unchanged (p ≥ 0.63) Table 3. However, the non-parametric Kolmogorov-Smirnov test reveals a more 319 
complex layout. The maximum vertical divergence (D-statistic) identifies highly significant alterations in the underlying 320 
empirical cumulative distributions for SAT (D = 0.78, p < 0.0001), CH₄ (D = 0.79, p < 0.0001), and CO (D = 0.68, p = 321 
0.0001) Table 3. Crucially, while the mean baseline of CO₂ remains constant under the t-test (p = 0.98), the K-S metric 322 
identifies a significant shift in its distribution profile (D = 0.46, p = 0.03). This confirms that CO₂ forces the modern era 323 
via expanded variance and episodic fluctuations rather than a simple monotonic mean shift. O₃ and H₂O(g) retain 324 
continuous structural stationarity across both statistical measures (p ≥ 0.61) Table 3. 325 

 326 

 Welch two sample t-test Kolmogorov-Smirnov test 

 T Degree of 

freedom (D) 

p-value   D p-value 

SAT 2.02 39.53 < 0.0001   0.78 < 0.0001 

CO2 2.06 25.26 0.98   0.46 0.03 

CH4 2.09 19.18 0.0001   0.79 <0.0001 

O3 2.03 35.77 0.69   0.24 

 

0.61 

H20(g) 2.02 39.59 0.63   0.14 0.99 

CO 2.03 34.57 <0.0001   0.68 0.0001 
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 327 

Figure 3 Violin-boxplot of annual anomaly of a. temperature b. carbon dioxide c. methane d. ozone e. water vapor and 328 
f. carbon monoxide distributions and statistics for 1981–1997 and 1998–2024.  329 

Statistical features from the Violin-Boxplot (Fig. 3) reinforce these distribution shifts. The SAT, CH₄, and CO violin 330 
columns show a major vertical migration, moving from historical concentrations centered between –0.6 °C and –0.8 °C 331 
to modern levels between +0.3 °C and +0.5 °C post-1998 (Fig. 3(a, c, f)). The BC thermal distribution displays structural 332 
symmetry around negative coordinate fields, while the AC period exhibits an extended distribution tail stretching into 333 
high positive values. The location of the mean marker above the zero coordinate line confirms a systematic upward shift 334 
in the climate baseline (Fig. 3a). The CO₂ violin plot exhibits broader horizontal bands in the AC period, confirming 335 
increased variance, while the core of the distribution shifts toward positive fields (Fig. 3b). O₃ reveals an expansion in 336 
median coordinate positions parallel to expanded vertical dimensions (Fig. 3d), whereas the overall H₂O(g) profile 337 
maintains stable inter-period dimensions despite elevated high-frequency noise (Fig. 3e). 338 

However, these findings necessitate a detailed exploration of other drivers such as land transformation, vegetation 339 
change among others to understand their interactions and influence on local climate systems. Thus, this study is limited 340 
to examining the influence of atmospheric greenhouse gases and their causal effects on SAT changes in Nigeria, while 341 
providing broader insights into climate variability and warming patterns across climate-vulnerable tropical regions 342 

3.3 Seasonal thermodynamic coupling regimes 343 

To identify the localized mechanisms driving surface warming, the data were decomposed into distinct seasonal 344 
thermodynamic regimes: the dry, dust-dominated Harmattan season (December–January–February, DJF) and the wet, 345 
convective Monsoon season (June–July–August, JJA). 346 
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During the DJF/Harmattan season (Fig. 4), SAT and CO₂ anomalies exhibit a weak positive correlation (r = 0.06, p = 347 
0.06, Fig. 4a), positioning it at the significance margin. The scatter field reveals distinct behavioral groupings across the 348 
1998 change-point. The historical data points (BC, Blue rings) cluster tightly below the regression line, whereas the 349 
modern coordinates (AC, Orange rings) assemble above it. This distinct configuration confirms a structural regime shift 350 
rather than random variations, with the modern period displaying increased thermal sensitivity to CO₂ forcing. 351 

Both CH₄ and O₃ display negligible, statistically insignificant linear associations with winter thermal anomalies (r = 352 
0.04, p = 0.63 and r = 0.09, p = 0.16, respectively; (Fig. 4b and 4c). Conversely, winter atmospheric moisture (H₂O(g) 353 
maintains a highly significant, positive relationship with SAT (r = 0.71, p = 0.64, Fig. 4d). The historical data points 354 
cluster tightly along the steep positive slope line, confirming that winter thermal dynamics are closely linked to moisture-355 
driven greenhouse feedback loops. During the dry season, when incoming solar radiation is high, column-integrated 356 
water vapor effectively intercepts outgoing longwave terrestrial thermal emissions, amplifying surface diabatic heating. 357 
Near-surface CO concentrations maintain a strong linear association with winter temperature anomalies (r = 0.25, p = 358 
0.77, Fig. 4e), operating as a proxy for dry-season biomass combustion and localized industrial emissions. 359 

 360 
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 361 

Figure 4 Local climatic greenhouse gases and mean surface air temperature (SAT) relations over Nigeria during the 362 
December, January, and February (DJF) season. Scatter plot of the standardized SAT anomalies versus the standardized 363 
mean anomalies of surface air temperature (SAT) versus a CO2, b CH4, c O3, d H2O(g) and e CO. The r represents the 364 
correlation coefficient. The color scheme distinguishes between two periods: BC (1981–1997, Blue) and AC (1998–2024, 365 
Orange). The distribution of orange and blue rings data points provide insight into how the relationships between various 366 
local climatic gases and SAT anomalies have evolved. 367 

A completely different layout occurs during the JJA/Monsoon season (Fig. 5). This period is dominated by heavy rainfall, 368 
extensive cloud cover, and high soil moisture, which suppress absolute surface temperatures and disrupt trace gas 369 
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associations. SAT maintains weak, statistically uniform correlation coefficients with all atmospheric tracers: r = 0.04 for 370 
CO₂, r = 0.07 for CH₄, r = 0.10 for O₃, r = 0.03 for H₂O(g), and r = 0.07 for CO (Fig. 5a–e). This uniform decoupling is 371 
driven by two physical mechanisms: wet scavenging/atmospheric washout (heavy rainfall strips trace components from 372 
the boundary layer) and thermal buffering/evaporative cooling (high soil moisture locks the land surface into an intensive 373 
latent heat flux regime, decoupling temperature from direct tracer forcing). 374 

The underlying trend lines remain anchored to historical baseline positions (BC, Blue rings), confirming that the modern 375 
era (AC, Orange rings) has shifted toward elevated thermal clusters without modifying the seasonal background slope. 376 
While the direct influence of CO₂, CH₄, and CO is minimized (p-values of 0.56, 0.27, and 0.99, respectively), O₃ and 377 
H₂O(g) retain significant seasonal connections with SAT, sharing identical significance thresholds (p = 0.03 < 0.05). This 378 
confirms that during the monsoon, thermal variations are driven by complex moisture feedbacks and cloud-radiation 379 
dynamics rather than dry trace gas forcing. 380 

 381 

 382 

 383 

 384 

 385 

 386 

 387 

 388 
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 389 

Figure 5 Local climatic greenhouse gases and changes in mean surface air temperature over Nigeria during the June, 390 
July, and August (JJA) season. Scatter plot of the standardized mean SAT versus the standardized mean anomalies of 391 
surface air temperature (SAT) versus a CO2, b CH4, c O3, d H2O(g) and e CO. The r represents the correlation coefficient. 392 
.The color scheme distinguishes between two periods: BC (1981–1997, blue) and AC (1998–2024, orange). The 393 
distribution of orange and blue rings data points provide insight into how the relationships between various local climatic 394 
variables and SAT anomalies have evolved. 395 
3.4 Annual scaled diagnostic regression profiles 396 
Evaluated across annual scales, regression models reveal that the climate system responds to individual trace gas 397 
configurations through unique, direct, and indirect pathways (Fig. 6). The annual linear association between SAT and 398 
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ambient CO₂ remains modest (r = 0.15), confirming that short-term temperature variations are heavily influenced by 399 
natural internal dynamics and chaotic fluctuations rather than background greenhouse gas accumulation (Fig. 6a). 400 
However, downscaled inventory evaluations reveal that when long-term land-use modifications are integrated (CO2_luc 401 
and CH4_luc), both primary greenhouse gases exert highly significant, systematic control over multi-decadal temperature 402 
trends (p = 0.001 and p = 0.003, respectively). Table 4 summarizes the significant of the relationship between SAT and 403 
the gases, where despite the weak correlations the top two most GHGs, CO2 and CH4 showed a very significant influence 404 
on SAT changes at annual scale. 405 

Table 4 Annual scale summary of the significant relationship between SAT and the gases 406 

Annual scale  Significance    p-value 

CO2_including_luc significant 0.001 

CH4_include_luc significant 0.003 

O3 insignificant 0.949 

H2O(g) insignificant 0.205 

CO insignificant 0.208 

 407 
Annual regression configurations reveal that the trend lines are unevenly distributed across the 1998 change-point. The 408 
slope trajectories remain anchored to the historical period (1981–1997), while modern data points (1998–2024) cluster 409 
away from the regression line.  410 

 411 
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 412 

Figure 6 Annual scale relationship between local climatic greenhouse gases and mean temperature changes over Nigeria. 413 
Scatter plot of the standardized mean surface air temperature anomalies versus the standardized mean anomalies of a 414 
CO2, b CH4, c O3, d H2O(g) and e CO. The r represents the correlation coefficient. The color scheme distinguishes between 415 
two periods: BC (1981–1997, blue) and AC (1998–2024, orange). The distribution of orange and blue data points provide 416 
insight into how the relationships between various local greenhouse climatic gases and SAT anomalies have evolved. 417 

This offset confirms a structural regime shift, where historical outliers exert disproportionate leverage on the long-term 418 
trend line. This behavior is consistent across all evaluated greenhouse gases, though they exhibit higher positive 419 
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correlations than standard CO₂, both O₃ and H₂O(g) display identical positive correlations with annual temperature (r = 420 
0.23, Fig. 6(c and d). Ambient CH₄ maintains a weak but highly significant linear relationship (r = 0.03, p = 0.003, Fig. 421 
6b). Conversely, near-surface CO displays no significant linear relationship with annual temperature variation (r = 0.09, 422 
p = 0.208, Fig. 6e), operating strictly as a localized tracer of industrial emissions rather than a direct global radiative 423 
driver. 424 

3.5 Causal topologies and structural network regimes 425 

To isolate structural cause-and-effect vectors across non-stationary data fields, annual timelines were transformed via 426 
first-differencing and evaluated using bivariate and multivariate block Granger causality procedures, Vector 427 
Autoregressive (VAR) frameworks, and Impulse Response Functions (IRFs). 428 

 429 

Figure 7 Multivariate causality network among key greenhouse gases H2O(g)): water vapor, CO2: carbon dioxide, CH4: 430 
methane, O3: total column ozone, CO: carbon monoxide and their influence on surface air temperature (SAT) during 431 
1981–1997 before the change (BC). The blue arrows indicate the direction of information flow, with thickness visually 432 
representing the magnitude of influence between SAT and the individual gas. 433 

During the historical period (BC: 1981–1997), bivariate Granger causality metrics isolate a single significant causal vector 434 
directed from atmospheric moisture to temperature changes (H₂O(g) → SAT) (Fig. 7a). No other ambient trace gas 435 
displays a standalone causal link with temperature variations (Fig. 7b). This identifies a historically water-vapor-436 
dominated thermodynamic feedback loop, where thermal anomalies were driven by humidity changes that amplified the 437 
regional greenhouse effect. 438 

439 
Figures 8 Multivariate causality network among key greenhouse gases H2O(g): water vapor, CO2: carbon dioxide, CH4: 440 
methane, O3: total column ozone, CO: carbon monoxide and their influence on surface air temperature (SAT) during 441 
1998–2024 after the change (AC). The arrows indicate the direction of information flow, dashed arrow visually represent 442 
a weak or no strong influence between SAT and the individual gas. 443 

This layout changes during the modern period (AC: 1998–2024). Bivariate causality tests demonstrate that when trace 444 
gas records are differenced and modeled with appropriate lag structures, no individual gas holds a standalone causal link 445 
to temperature changes (Fig. 8). The system transitions into a complex, multi-driver configuration, where thermal 446 
variations are driven by the collective behavior of mixed gases and internal atmospheric dynamics, rather than being 447 
dominated by a single variable. While gases like CO₂ remain physically vital drivers of long-term warming, their short-448 
run predictive capacity within differenced time series is shared and diffuse across the multi-gas system. 449 

3.5.1 Multivariate block exogeneity and joint vector autoregressive (VAR) analysis 450 

Because individual trace gases lack standalone short-run causal dominance, the variables were integrated into a first-451 
differenced VAR(4) framework to execute joint block exogeneity granger causality evaluations. This framework 452 
captures the interdependent feedback loops and joint cross-coupled behaviors defining complex atmospheric systems. 453 
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The multivariate block restrictions confirm that the full suite of trace gases jointly Granger-causes surface temperature 454 

changes Chi-square block statistic, p < 0.05. This indicates that while individual trace gas vectors are weak, their 455 

collective atmospheric configuration contains high predictive capacity for forecasting SAT changes. The autoregressive 456 
matrix shows that SAT’s own lagged coefficients remain highly significant, confirming strong short-run persistence and 457 
mean-reverting dynamics. Individual trace gas coefficients within the target SAT equation (Gas (t-1) → SAT (t)) are 458 
small and noisy, confirming that predictive capacity is joint and diffuse across the system. 459 

To evaluate the propagation of unexpected variations, impulse response functions (IRFs) were derived from a first-460 
differenced VAR(1) architecture using a recursive Cholesky identification scheme. The responses of SAT to 1-standard-461 
deviation shocks in CO₂, CH₄, O₃, H₂O(g), and CO are modest, short-lived, and lack long-term persistence. This confirms 462 
that no single trace gas generates a dominant standalone temperature response over short horizons. When modeled 463 
collectively within the block VAR framework (Fig. 9(a–c)), the network confirms a clear transition: the historical era is 464 
governed by a water-vapor-led regime, which transitions post-1998 into a joint multi-gas forcing configuration where 465 
temperature variations are driven by combined atmospheric changes and internal thermal inertia. 466 

 467 

 468 

Figure 9 Multivariate block causality VAR network among key greenhouse gases H2O(g): water vapor, CO2: carbon 469 
dioxide, CH4: methane, O3: total column ozone, CO: carbon monoxide and their influence on surface air temperature 470 
(SAT) during 1981–2024. The arrows indicate the direction of information flow, visually represent a H2O(g)‑led regime 471 
b Joint collective influence of the gases on SAT c SAT internal dynamics. 472 

To quantify the relative predictive contribution of each trace gas, historical forecast error variance decompositions 473 
(FEVD) were computed using the Cholesky ordering matrix. The stacked-area profile (Fig. 10a) demonstrates that a 474 
substantial share of SAT forecast error variance is driven by its own internal shocks (SAT → SAT). This represents un-475 
modeled regional boundary processes, landscape transformations, micro-meteorological variations, and observational 476 
noise not captured by the trace gas series. 477 
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 478 

Figure 10a Historical decomposition of SAT changes by shocks (VAR 1, Cholesky ID) b FEVD of SAT from 479 
VAR(1). Each colored band is the model implied contribution of that variable’s shocks to the contemporaneous change 480 
in SAT, not the level of SAT. The vertical sum of all bands at a given year is the model’s reconstruction of that year’s 481 
ΔSAT, split by source of shock. Positive and negative areas above and below zero indicates an increase and decrease 482 
as the trace gases’s shocks are pushing SAT up and down in that year.  483 

Among the trace gases, H₂O(g) and O₃ shocks drive the largest shares of short-term variance in ΔSAT (Fig. 10b). CH₄ 484 
and CO innovations provide smaller, variable contributions that fluctuate across the multi-decadal timeline. In contrast, 485 
CO₂ shocks yield minor year-to-year contributions within this first-differenced short-run setup. This indicates that while 486 
background CO₂ driving forces control the multi-decadal planetary greenhouse baseline, year-to-year high-frequency 487 
variations in local surface temperature are driven by regional moisture alterations, ozone variations, and internal chaotic 488 
atmospheric dynamics. 489 

4.  Discussions 490 

The empirical structural shift identified in 1998 marks a major thermodynamic transformation within the West African 491 
sub-continent, moving the regional climate from a state defined by historical baseline variations into an accelerated 492 
warming phase. This 0.78 °C upward transition in the mean surface air temperature (SAT) anomaly, accompanied by 493 
a 66% expansion in interannual variance (0.09 to 0.15), underscores an intensifying regional climate response.  494 

When these results are evaluated alongside downscaled studies across the West African region, such as observations 495 
from the Ghanaian meteorological network (Oduro et al., 2024, 2025) and broader sub-continental evaluations (Engdaw 496 
et al., 2022; Iyakaremye et al., 2021), they confirm that this post-1998 warming is a coherent, region-wide signature 497 
rather than an isolated anomaly. The concurrent expansion in temperature variance matches patterns observed across 498 
other vulnerable semi-arid ecosystems, where thermal instabilities amplify the frequency of extreme heat occurrences. 499 
The identified post-1998 regime shift from a water-vapor-dominated atmospheric feedback system to a joint greenhouse 500 
gas (GHG) forcing framework over Nigeria is strongly modulated by macro-climate anomalies, specifically El Niño-501 
Southern Oscillation (ENSO) dynamics. Prior to the late 1990s, the regional climate was heavily governed by multi-502 
decadal variations in the West African Monsoon (WAM), where La Niña phases typically enhanced land-atmosphere 503 
moisture recycling and elevated atmospheric water vapor levels. However, the historic 1997–1998 super El Niño event 504 
acted as a clear hydrological tipping point for Sub-Saharan Africa. The subsequent shift into a post-1998 multi-decadal 505 
period characterized by prolonged, intense El Niño episodes severely suppressed the WAM moisture influx, inducing 506 
persistent regional desiccation and effectively attenuating the baseline water-vapor feedback mechanism. This 507 
multivariate causality block network tracking captures this exact decoupling; as the buffering capacity of natural water-508 
vapor variance collapsed under heightened thermal stress, local anthropogenic trace gas concentrations emerged as the 509 
primary, unmasked drivers of surface air temperature variance across Nigeria. 510 
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The decoupling between annual SAT variations and raw atmospheric CO₂ column densities (r = 0.10) reveals important 511 
insights into regional climate processes. This weak linear association indicates that short-term temperature changes are 512 
driven by internal atmospheric dynamics and moist convective processes rather than simple, direct responses to trace 513 
gas configurations. 514 

However, when long-term land-use modifications CO2_luc and CH4_luc are integrated into the models, the relationship 515 
turns highly significant (p ≤ 0.003), as detailed in Table 4. This indicates that the regional thermal trajectory is driven 516 
by a combination of global radiative forcing and localized landscape modifications, including deforestation, agricultural 517 
expansion, and rapid urban growth. 518 

The transition from a historical water-vapor-dominated regime before 1998 to a modern multi-gas forcing configuration 519 
highlights a structural shift in regional climate feedback loops. In the dry Harmattan season (DJF), the high correlation 520 
between H2O(g) and SAT (r = 0.71) underscores the dominant role of moisture-derived greenhouse feedback 521 
mechanisms. When background temperatures rise, the capacity of the boundary layer to hold water vapor expands, 522 
trapping outgoing longwave terrestrial emissions and amplifying surface warming. 523 

During the Monsoon season (JJA), this radiative mechanism is altered by wet scavenging and intense land-surface 524 
evaporative cooling. This seasonal variation shows that while long-term warming baselines are sustained by mixed 525 
greenhouse gas forcing, seasonal temperature extremes are shaped by complex boundary layer interactions, cloud-526 
radiation dynamics, and moisture variations. 527 

Uncertainty and limitation 528 

The primary structural limitation of this study stems from the acute dearth of continuous, long-term in-situ ground 529 
stations across Nigeria, necessitating an exclusive reliance on NASA’s MERRA-2 gridded reanalysis as a continuous 530 
spatial and temporal proxy (Gelaro et al., 2017; Sani and Diallo, 2023; Olayinka et al., 2025). While methodologically 531 
justified and robustly validated for data-scarce zones (Sani and Diallo, 2023; Olayinka et al., 2025)., the native 0.5° × 532 
0.625° grid resolution introduces intrinsic spatial smoothing that inevitably averages out microclimatic heterogeneities, 533 
urban heat island vectors, and fine-scale convective cloud microphysics. Furthermore, documented minor positive 534 
tropospheric tracer biases over equatorial Africa imply a marginal baseline uncertainty in absolute trace-gas mixing 535 
ratios (Gelaro et al., 2017; Satge et al., 2020). However, because non-parametric tracking relies on relative distributional 536 
shifts and directional information flow rather than absolute magnitudes, these regional smoothing constraints and tracer 537 
biases do not distort the integrity of the underlying network causality metrics (Akinsanola et al., 2022; Usman et al., 538 
2025). A distinct mathematical constraint arises from the temporal asymmetry across the analyzed atmospheric nodes, 539 
forcing a truncation of the operational windows. While the non-parametric Pettitt change-point test utilizes the complete, 540 
mathematically stable 44-year profile (1981–2024) to isolate the 1998 temperature anomaly step-change, satellite-era 541 
trace gas sensors possess strictly limited operational lifespans (GEOS-Chem CO₂: 2015–2024; AIRS CH₄: 2013–2024). 542 
Consequently, the Vector Autoregressive (VAR) block network and the subsequent forecast error variance 543 
decompositions (FEVD) are restricted to the synchronized, post-2015 multi-gas window. This means that while the 544 
model successfully diagnoses the high-resolution, synergistic mechanics of contemporary joint forcing, it cannot 545 
simulate the continuous evolution of the trace-gas network architecture back to 1981. Finally, the structural VAR 546 
configuration—though optimized at a physically justified two-month lag depth to capture monsoonal memory cycles—547 
remains intrinsically susceptible to unmodeled, external boundary innovations such as macro-scale oceanic feedback 548 
variations and high-latitude teleconnections outside the localized West African sub-system (Olayinka et al., 2025). 549 

5. Conclusion 550 
Rather than relying on conventional correlation-based frameworks that evaluate climate responses in isolation, this 551 
study successfully implements an integrated diagnostic approach combining pairwise matrices, non-parametric 552 
change-point algorithms, multivariate block exogeneity tests, VAR models, and historical forecast error variance 553 
decompositions (FEVD). This unified framework isolates true predictive causality, providing a robust quantitative 554 
evaluation of trace gas interactions and surface air temperature (SAT) trends across Nigeria from 1981 to 2024. The 555 
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core novelty of this work centers on its granular emphasis on spatially and temporally localized boundary mechanisms. 556 
By evaluating internal atmospheric forcing at a sub-continental scale, this study addresses a substantial gap in regional 557 
climate literature, demonstrating how local terrain emissions and micro-meteorological feedbacks modulate tropical 558 
temperature trajectories independent of global planetary forcing. 559 
 560 
These findings reveal a significant multi-decadal warming trend across the country, marked by a major structural 561 
change-point in 1998. Post-1998, the regional climate system transitioned from a historical water-vapor-dominated 562 
thermodynamic feedback loop into a complex multi-gas forcing regime. Bivariate and joint block causality diagnostics 563 
demonstrate that while discrete trace gases lack standalone short-run causal dominance, their collective atmospheric 564 
configuration exerts decisive control over annual temperature variance. Furthermore, historical variance 565 
decompositions indicate that high-frequency interannual thermal variations are driven primarily by regional moisture 566 
alterations, ozone fluctuations, and internal chaotic atmospheric dynamics, while global greenhouse gas accumulation 567 
governs the underlying macro-climatic warming baseline. These insights provide an empirical basis for resolving fine-568 
scale environmental variability, quantifying emission-related processes, and improving regional climate projections.  569 
 570 
While this investigation provides high-utility diagnostic models, primary structural constraints must be acknowledged. 571 
The absolute spatial grid resolutions of the reanalysis and model arrays (0.5° × 0.625°, 0.1° × 0.1°, and 1.0° × 1.0°) 572 
limit the representation of sub-grid micro-climates, an issue compounded by the complete absence of verified in-situ 573 
ground-monitoring data arrays across the domain. Ultimately, it is crucial to recognize that the lack of long-term, 574 
ground-based in-situ datasets remains a significant limitation in Nigeria today, necessitating targeted efforts to expand 575 
local hydro-meteorological networks (Dinku et al., 2019; Haruna, 2026). This institutional vulnerability is underscored 576 
by official reports from the Nigerian Meteorological Agency (NiMet), which highlight a historical deficit in active 577 
synoptic station density relative to World Meteorological Organization (WMO) standards (Hussaini and Matazu, 578 
2024; NiMet, 2026). Consequently, this severe data constraint left no viable alternative but to utilize the MERRA-2 579 
reanalysis dataset (Gelaro et al., 2017) as a continuous spatial and temporal proxy. This methodology is widely 580 
supported in data-sparse regions (Sani and Diallo, 2023; Olayinka et al., 2025), and the reliability of utilizing gridded 581 
atmospheric products over varying Nigerian eco-climatic boundaries has been actively validated against available 582 
localized ground networks (Akinsanola et al., 2022; Usman et al., 2025). However, these uncertainties were heavily 583 
minimized by deploying robust non-parametric verifications, joint statistical cross-validations, and rigorous causal 584 
block structures. Future research frameworks will bridge this analytical boundary by modeling the complex, non-585 
linear interactions between these localized land-surface feedbacks and large-scale planetary teleconnections, 586 
generating a holistic perspective on climate variability across the West African sub-continent. 587 
 588 
In summary, this study provides a unique paradigm shift in West African climate science by moving past descriptive 589 
trend lines to uncover a distinct, localized atmospheric regime shift over Nigeria. By deploying a custom multivariate 590 
causality block network tracking architecture, this paper successfully unmasked a profound thermodynamic tipping 591 
point anchored to the historic 1997–1998 ENSO event. The empirical findings reveal that Nigeria's thermal baseline 592 
permanently transitioned from a historically stable, water-vapor-dominated feedback loop into a highly sensitive, joint 593 
greenhouse gas forcing configuration—where post-1998 surface warming is now aggressively driven by the 594 
synergistic alignment of anthropogenic trace gases and chaotic internal atmospheric dynamics. Despite these clear 595 
mechanistic insights, a major structural limitation of this work rests on the current dearth of long-term, ground-based 596 
in-situ datasets across the nation, which forced an exclusive reliance on NASA’s MERRA-2 gridded reanalysis as a 597 
continuous spatial and temporal proxy. While this reanalysis choice is robustly validated and methodologically 598 
justified for data-scarce zones, expanding physical hydro-meteorological networks remains an urgent priority to 599 
ground-truth these non-linear causality topologies and fortify sub-continental climate adaptation strategies. 600 
 601 
Data Availability 602 
The multi-decadal atmospheric datasets supporting the findings of this study are openly accessible via public data 603 
portals. Gridded reanalysis products and satellite arrays were retrieved from the NASA Global Modeling and 604 
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Assimilation Office (GMAO) and the Atmospheric Infrared Sounder (AIRS) database via the NASA Giovanni 605 
platform (https://nasa.gov).  Dry-air column-averaged carbon dioxide records were compiled from the Goddard Earth 606 
Observing System with Chemistry (GEOS-Chem, v10r) model repository. Long-term annual anthropogenic emission 607 
indices were extracted from the Emissions Database for Global Atmospheric Research (EDGAR, v2024) community 608 
repository (https://europa.eu and https://europa.eu). Spatial visualization maps and agro-ecological arrays were 609 
constructed using Esri ArcMap (v10.8) software (https://esri.com). All statistical computations, anomaly pre-610 
processing steps, and structural causal evaluations were executed using R Version 4.3.3 (https://r-project.org), 611 
XLSTAT Version 2025 and Microsoft Excel. 612 
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