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Abstract5

Accurate electricity demand forecasting is essential for reliable grid operation,6

revenue planning, and energy management, particularly within rapidly urbanizing7

regions where prepaid metering has become the dominant electricity billing sys-8

tem. However, many contemporary load forecasting models are developed under9

assumptions of strong weather sensitivity and price-responsive consumer behaviour10

that may not fully reflect the realities of residential electricity consumption in sub-11

Saharan Africa. This study develops an Explainable Artificial Intelligence (XAI)12

framework to investigate the drivers of residential electricity demand within the13

Kenyan prepaid electricity sector and to evaluate the forecasting performance of14

machine-learning and statistical approaches.A longitudinal dataset spanning Jan-15

uary 2017 to April 2026 was analysed using historical consumption records, meteo-16

rological variables, and tariff-related information. An Extreme Gradient Boosting17

(XGBoost) model was benchmarked against an Ordinary Least Squares (OLS) re-18

gression model using a strict chronological validation strategy. Model interpretabil-19

ity was achieved through SHapley Additive exPlanations (SHAP), while additional20
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statistical diagnostics, including autocorrelation analysis, seasonal decomposition,21

and ablation testing, were employed to examine the temporal structure of elec-22

tricity demand.The results indicate that historical consumption behaviour is the23

dominant determinant of future residential electricity demand. Lag-based autore-24

gressive variables consistently exhibited the highest predictive influence, whereas25

weather and tariff-related variables contributed comparatively limited additional26

forecasting information. Despite its greater complexity, XGBoost achieved fore-27

casting performance broadly comparable to that of the OLS model, suggesting that28

much of the predictive information within the dataset can be captured using rel-29

atively simple autoregressive relationships. SHAP analysis further revealed that30

short-term consumption persistence exerts substantially greater influence on fu-31

ture demand than meteorological variability or tariff adjustments.These findings32

demonstrate that residential electricity demand within the Kenyan prepaid sector33

is governed primarily by behavioural persistence and recurring consumption pat-34

terns. The study highlights the value of interpretable forecasting frameworks and35

suggests that computationally efficient, transparent forecasting models can provide36

reliable demand estimates for utility planning and operational decision-making in37

prepaid electricity environments.38

Keywords: Residential electricity demand forecasting; prepaid electricity systems;39

explainable artificial intelligence (XAI); XGBoost; SHAP; autoregressive modelling; load40

forecasting; energy analytics; Kenya.41

2



1 Introduction42

The rapid urbanization of developing economies has intensified pressure on electrical43

power infrastructure, making accurate electricity load forecasting an increasingly impor-44

tant component of modern utility planning and grid management. Reliable forecasts45

support a wide range of operational activities, including generation scheduling, demand-46

side management, infrastructure expansion, tariff design, and long-term energy policy47

formulation. As urban populations continue to grow and electricity demand becomes48

increasingly dynamic, utility providers require forecasting frameworks capable of deliv-49

ering both predictive accuracy and operational insight. Therefore, electricity demand50

forecasting has evolved into a critical research area at the intersection of energy systems,51

economics, and data science.52

Within sub-Saharan Africa, the forecasting challenge is further complicated by the53

widespread adoption of prepaid electricity metering. Unlike conventional postpaid billing54

systems, prepaid architectures fundamentally alter the relationship between consumers55

and electricity consumption by requiring users to purchase electricity credits in advance.56

This structure introduces distinct behavioral, economic, and social dynamics that directly57

influence demand patterns. Utility providers operating within prepaid environments must58

therefore balance multiple objectives simultaneously, including maintaining grid stability,59

ensuring financial sustainability, improving energy accessibility, and expanding electrifi-60

cation coverage [7].61

Recent studies across the African continent have demonstrated that prepaid metering62

substantially modifies household electricity consumption behavior relative to traditional63

billing systems. Evidence from Ethiopia [11] and Ghana [10] indicates that prepaid tech-64

nologies influence both consumption patterns and utility revenue collection mechanisms.65

In Nairobi, prepaid electricity systems have emerged as a central instrument for urban66

grid expansion and service delivery, effectively becoming a new paradigm through which67

electricity access is managed and regulated [16]. However, while prepaid systems have68

improved billing efficiency and reduced revenue losses, they have also introduced complex69

socioeconomic interactions between utilities and consumers.70

These dynamics are particularly evident among low-income urban households. Across71

several East African settings, vulnerable consumers often report a stronger concern about72

accumulating debt than about temporary loss of electrical service, leading them to tightly73
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regulate and ration their electricity usage according to the available prepaid credit bal-74

ance [22]. Consequently, observed electricity demand may reflect not only physical energy75

requirements but also economic constraints and behavioral adaptation strategies. Fur-76

thermore, researchers have noted that the mere existence of a grid connection does not77

necessarily imply adequate energy access. Within many urban prepaid communities, sig-78

nificant levels of hidden energy poverty persist, with households deliberately suppressing79

consumption in order to manage electricity expenditures [15]. These realities suggest80

that electricity demand in prepaid systems may be governed by fundamentally different81

drivers than those commonly observed in conventional electricity markets.82

Simultaneously, advances in computational intelligence have transformed the field of83

electricity demand forecasting. Recent literature increasingly promotes machine learning84

and artificial intelligence techniques as state-of-the-art solutions for capturing complex85

consumption dynamics and improving predictive performance [2]. Algorithms such as86

Random Forests, Support Vector Regression, Artificial Neural Networks, and Gradient87

Boosting frameworks have demonstrated substantial success in modeling non-linear re-88

lationships between electricity demand and exogenous variables such as temperature,89

humidity, occupancy patterns, and economic activity [18]. Within residential energy90

forecasting specifically, tree-based ensemble methods have emerged as particularly pow-91

erful predictive tools due to their ability to learn intricate interactions among multiple92

explanatory variables [20, 21].93

Among these approaches, Extreme Gradient Boosting (XGBoost) has become one94

of the most widely adopted algorithms for structured load forecasting applications. Its95

ability to model non-linear dependencies, capture temporal interactions, handle hetero-96

geneous feature spaces, and maintain strong predictive performance across diverse fore-97

casting environments has established it as a benchmark methodology in contemporary98

energy analytics [14]. Consequently, many recent studies implicitly assume that increas-99

ingly sophisticated machine learning architectures will consistently outperform simpler100

statistical approaches.101

However, a critical limitation exists within much of the current forecasting liter-102

ature. The overwhelming majority of machine learning models have been developed103

and validated using datasets originating from North America, Europe, and other regions104

characterized by temperate climates, widespread HVAC utilization, and relatively high105
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household income levels [1]. As a result, many forecasting frameworks are built upon106

assumptions that may not hold universally across different socioeconomic and climatic107

environments. Two assumptions are particularly prevalent. First, residential electricity108

demand is often assumed to be highly sensitive to environmental temperature fluctuations109

because heating and cooling systems constitute a substantial fraction of household elec-110

tricity consumption. Second, consumers are frequently assumed to exhibit measurable111

short-term price responsiveness, resulting in observable demand adjustments following112

tariff changes.113

Whether these assumptions remain valid within urban prepaid electricity systems114

in developing economies remains insufficiently explored. In many Kenyan households,115

electricity consumption is dominated by essential baseload activities such as lighting, re-116

frigeration, communication devices, and basic household appliances rather than energy-117

intensive climate control systems. Consequently, the relative influence of meteorological118

variability on electricity demand may differ substantially from that observed in West-119

ern forecasting studies. Similarly, households operating under prepaid constraints may120

exhibit consumption patterns that are driven more strongly by habitual usage require-121

ments and credit availability than by immediate responses to tariff restructuring. These122

distinctions raise important questions regarding the actual predictive drivers of electric-123

ity demand within prepaid environments and whether highly complex machine learning124

architectures provide meaningful advantages over simpler forecasting approaches.125

An additional challenge concerns model interpretability. Although advanced machine126

learning algorithms often achieve impressive predictive performance, they frequently op-127

erate as opaque ”black-box” systems that provide limited insight into the mechanisms128

driving their predictions [3]. For utility planners, regulators, and policymakers, predictive129

accuracy alone is rarely sufficient. Effective decision-making requires an understanding130

of why a model generates a particular forecast, which variables exert the greatest influ-131

ence on demand, and whether those influences align with physical, economic, and social132

realities. Without such transparency, stakeholders may struggle to diagnose abnormal133

predictions, evaluate policy interventions, or translate model outputs into actionable op-134

erational strategies [17].135

These challenges reveal a methodological gap within the existing literature. While sub-136

stantial effort has been devoted to improving forecasting accuracy through increasingly137
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sophisticated machine learning architectures, comparatively little attention has been di-138

rected toward understanding whether the underlying assumptions of these models remain139

valid within prepaid electricity systems in developing economies. Furthermore, limited140

research has investigated the relative importance of historical consumption behavior, envi-141

ronmental variability, and tariff structures within the Kenyan residential prepaid context142

using explainable analytical frameworks.143

To address this gap, the present study develops an Explainable Artificial Intelligence144

(XAI)-based framework for forecasting residential electricity demand within the Kenyan145

prepaid grid. Recent systematic reviews emphasize that explainability is becoming an146

essential requirement for the practical deployment of AI systems in energy management,147

enabling greater transparency, stakeholder trust, and operational accountability [12, 13].148

This study therefore combines predictive modeling with interpretable machine learning149

to investigate not only how accurately residential demand can be forecasted, but also150

why particular forecasting outcomes emerge.151

Specifically, the study benchmarks an XGBoost architecture against a traditional Or-152

dinary Least Squares (OLS) regression framework to evaluate whether the predictive153

complexity offered by advanced machine learning translates into meaningful forecasting154

improvements within a prepaid residential environment. Furthermore, by integrating155

SHapley Additive exPlanations (SHAP), a game-theoretic interpretability methodology156

capable of quantifying feature contributions at both local and global scales, the study157

systematically examines the relative influence of historical consumption behavior, me-158

teorological variability, and gazetted tariff restructuring by the Energy and Petroleum159

Regulatory Authority (EPRA) on residential electricity demand.160

The central contribution of this research is therefore twofold. First, it provides one161

of the few comprehensive examinations of residential electricity forecasting within the162

Kenyan prepaid grid using both advanced machine learning and explainable AI method-163

ologies. Second, it evaluates whether the dominant forecasting assumptions derived from164

Western electricity markets remain applicable within a prepaid urban African context.165

By identifying the true drivers of residential electricity demand and quantifying their rel-166

ative importance, this study contributes both methodological and policy-relevant insights167

for the design of transparent, scalable, and operationally effective forecasting systems in168

emerging electricity markets.169
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2 Methodology170

2.1 Data Acquisition and Scope171

This study utilized a longitudinal dataset of residential prepaid electricity consumption172

spanning the period from January 2017 to April 2026. The extended temporal coverage173

was selected to capture long-term consumption behaviour, seasonal variability, regulatory174

tariff adjustments, and evolving household electricity usage patterns within the Kenyan175

prepaid electricity sector.176

To account for factors that may influence electricity demand beyond historical con-177

sumption, the primary consumption dataset was supplemented with both tariff and me-178

teorological information. Historical tariff data were obtained from official gazette notices179

published by the Energy and Petroleum Regulatory Authority (EPRA). The extracted180

tariff variables included the Lifeline Rate, Ordinary Rate, and Lifeline Limit thresholds181

applicable during different billing periods. These tariff parameters were mapped to the182

corresponding consumption records according to their effective implementation dates.183

Meteorological data were obtained from the Open-Meteo Historical Climate API.184

Monthly average temperature values were extracted and used to compute Cooling De-185

gree Days (CDD), a widely used indicator of cumulative thermal conditions. CDD values186

were calculated using a baseline temperature of 18 ◦C and were incorporated into the187

forecasting framework to evaluate the influence of temperature-related variability on res-188

idential electricity consumption.189

The resulting dataset integrated electricity consumption records, tariff information,190

and meteorological observations into a unified analytical framework. This approach en-191

abled a systematic assessment of the relative importance of historical consumption be-192

haviour, environmental variability, and tariff-related factors in shaping residential elec-193

tricity demand.194

2.2 Feature Engineering and Temporal Dynamics195

Residential electricity consumption exhibits strong temporal dependence, whereby cur-196

rent demand is often influenced by previous consumption behaviour and recurring sea-197

sonal patterns. To capture these dynamics, a series of autoregressive features were engi-198

neered from the original time series.199
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Three lag variables were generated for each household meter: Lag 1 kWh, Lag 2 kWh,200

and Lag 12 kWh. The first- and second-order lag variables capture short-term persis-201

tence in household electricity consumption, while the twelfth-order lag captures annual202

seasonal recurrence by incorporating information from the corresponding month of the203

previous year. These autoregressive features were selected based on established time-204

series forecasting principles and were subsequently validated using autocorrelation and205

partial autocorrelation diagnostics.206

In addition to the lag variables, meteorological and tariff-related predictors were incor-207

porated into the modelling framework. Weather-related variables included monthly aver-208

age temperature and Cooling Degree Days (CDD), while tariff-related variables included209

the Lifeline Rate and Lifeline Limit applicable during each billing period. Together, these210

predictors enabled the forecasting models to evaluate the relative contributions of histor-211

ical consumption behaviour, environmental conditions, and electricity pricing structures.212

Prior to model development, all engineered features were examined for completeness213

and consistency. Observations containing insufficient historical information for lag gen-214

eration were excluded to ensure that all models were trained using complete predictor215

sets.216

2.3 Predictive Modeling Framework217

A comparative forecasting framework was adopted to evaluate the suitability of both218

traditional statistical approaches and modern machine-learning techniques for residential219

electricity demand prediction.220

The primary machine-learning model employed in this study was Extreme Gradient221

Boosting (XGBoost), a gradient-boosted decision tree algorithm recognized for its ability222

to model non-linear relationships and complex interactions among predictor variables [4].223

Owing to its predictive accuracy, computational efficiency, and robustness, XGBoost has224

become one of the most widely used algorithms in electricity load forecasting applications225

[9, 14].226

To improve model generalization and reduce the risk of overfitting, hyperparameter227

optimization was performed using a grid-search procedure. Multiple combinations of228

model parameters were evaluated, and the configuration producing the best predictive229

performance was selected for subsequent analysis.230
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To provide an interpretable benchmark against which the machine-learning model231

could be evaluated, an Ordinary Least Squares (OLS) regression model was also devel-232

oped. OLS was selected because of its transparency, computational simplicity, and ex-233

tensive use in forecasting studies. Comparing OLS and XGBoost enabled an assessment234

of whether the additional complexity of machine-learning approaches yields meaningful235

forecasting improvements within the Kenyan prepaid electricity context.236

2.4 Time-Series Validation Strategy237

Electricity consumption data are inherently sequential, and preserving temporal order238

during model evaluation is essential to avoid information leakage. Randomly partitioning239

time-series data can allow future observations to influence model training, resulting in240

overly optimistic performance estimates that do not reflect real-world forecasting condi-241

tions.242

To avoid this issue, a strict chronological validation strategy was implemented. Obser-243

vations from January 2017 to December 2024 were used for model training and hyperpa-244

rameter optimization, while observations from January 2025 to April 2026 were reserved245

exclusively for out-of-sample testing.246

This approach replicates practical forecasting conditions in which future observations247

are unavailable during model development. By maintaining temporal integrity through-248

out the modelling process, the resulting performance metrics provide a realistic assessment249

of forecasting capability while eliminating look-ahead bias.250

Following feature engineering and data preparation, the final dataset consisted of251

97,354 training observations and 24,350 testing observations. Model performance was252

evaluated using Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).253

MAE measures the average magnitude of forecasting errors, while RMSE places greater254

emphasis on larger deviations and therefore provides additional insight into model be-255

haviour during periods of unusual electricity consumption.256

2.5 Model Diagnostics and Statistical Evaluation257

To assess the statistical validity of the forecasting framework, several diagnostic proce-258

dures were conducted.259
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First, multicollinearity among predictor variables was evaluated using the Variance260

Inflation Factor (VIF). This analysis was performed to ensure that excessive correla-261

tions among predictors did not compromise model stability or interpretation. VIF values262

below commonly accepted thresholds were considered indicative of acceptable predictor263

independence.264

Second, autocorrelation and partial autocorrelation analyses were performed to ex-265

amine the temporal structure of residential electricity consumption and to validate the266

selection of autoregressive lag variables. These diagnostics provided statistical evidence267

regarding the persistence and seasonal characteristics of the consumption series.268

Finally, seasonal decomposition was applied to separate the time series into trend,269

seasonal, and residual components. This procedure enabled a clearer understanding of the270

relative importance of long-term trends, recurring seasonal behaviour, and unexplained271

variability within the residential electricity consumption record.272

2.6 Explainable Artificial Intelligence (XAI)273

To improve model transparency and identify the primary drivers of residential electric-274

ity demand, Explainable Artificial Intelligence (XAI) techniques were incorporated into275

the analytical framework. Specifically, SHapley Additive exPlanations (SHAP) were em-276

ployed to quantify the contribution of individual predictors to model forecasts.277

SHAP is based on cooperative game theory and assigns each feature a contribution278

value according to its marginal influence on the final model output [5]. For the XGBoost279

model, the SHAP TreeExplainer was used to compute feature-attribution values and280

quantify the relative importance of each predictor.281

The SHAP framework was applied to evaluate the influence of autoregressive con-282

sumption variables, meteorological indicators, and tariff-related parameters on forecast-283

ing performance. By decomposing model predictions into additive feature contributions,284

SHAP enabled a transparent interpretation of the factors driving residential electricity285

demand. Consequently, the forecasting framework not only generated accurate predic-286

tions but also provided interpretable insights into the behavioural, environmental, and287

regulatory influences shaping electricity consumption within the Kenyan prepaid sector.288
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3 Results and Discussion289

3.1 Exploratory Analysis of Residential Electricity Consump-290

tion291

Understanding the statistical structure of the dataset is an important first step in inter-292

preting the forecasting results. Figure 1 presents the correlation matrix of all variables293

included in the modelling framework.294
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Figure 1: Correlation matrix of consumption, meteorological, tariff, and autoregressive

variables.

The correlation analysis reveals that historical electricity consumption variables ex-295

hibit the strongest relationships with current demand. In particular, the first-, second-,296

and twelfth-order lag variables display a stronger associations with present consumption297

than either meteorological or tariff-related predictors. This pattern provides preliminary298

evidence that residential electricity demand possesses a strong autoregressive structure,299
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whereby future consumption is largely conditioned by past household behaviour.300

By contrast, weather-related and tariff-related variables exhibit comparatively weaker301

correlations with electricity consumption. Although Total Cooling Degree Days (CDD)302

displays a measurable association with demand, its relationship remains considerably303

smaller than those observed for the lag variables. Similarly, tariff indicators show only304

modest correlations with electricity use. These findings suggest that historical consump-305

tion behaviour is likely to be the dominant source of predictive information within the306

dataset.307

3.2 Multicollinearity Assessment308

Prior to model interpretation, predictor independence was evaluated using the Variance309

Inflation Factor (VIF). Excessive multicollinearity can destabilize regression coefficients310

and reduce model interpretability. The VIF diagnostics for the final forecasting framework311

are presented in Table 1.312

Table 1: Variance Inflation Factor (VIF) Diagnostics

Feature VIF

Lag 1 kWh 7.92

Lag 2 kWh 8.12

Lag 12 kWh 5.62

Total CDD 2.70

Lifeline Rate KSh 2.14

Lifeline Limit kWh 2.20

All predictors exhibit VIF values below the commonly accepted threshold of 10, in-313

dicating the absence of severe multicollinearity. The highest values occur among the314

lag variables, which is expected given the temporal persistence inherent in electricity315

consumption data. Nevertheless, the observed values remain within acceptable limits,316

preserving the stability and interpretability of the OLS framework. The relatively low317

VIF values associated with weather and tariff variables further indicate that these pre-318

dictors contribute distinct information to the forecasting process.319
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3.3 Comparative Forecasting Performance320

The predictive capability of the proposed XGBoost framework was evaluated against a321

conventional Ordinary Least Squares (OLS) regression model using a strict chronological322

training-testing strategy. Data spanning 2017–2024 were used for model training, while323

observations from 2025–2026 were reserved exclusively for out-of-sample evaluation.324

Table 2 summarizes the forecasting performance of both models.325

Table 2: Forecasting Performance Comparison

Model MAE (kWh) RMSE (kWh)

OLS Regression 20.64 38.31

XGBoost 20.43 39.28

The two forecasting frameworks produced remarkably similar results. XGBoost achieved326

a marginally lower Mean Absolute Error (MAE), whereas OLS yielded a slightly lower327

Root Mean Square Error (RMSE). Given the scale and variability of the dataset, these328

differences are small and suggest that both approaches capture the underlying consump-329

tion dynamics with comparable effectiveness.330

This outcome indicates that much of the predictive information contained within the331

dataset can be captured using relatively simple autoregressive relationships. Although332

XGBoost offers greater flexibility and the ability to model complex non-linear interac-333

tions, these capabilities provide only limited additional forecasting benefit within the334

prepaid residential electricity context.335

Figure 2 compares observed and predicted electricity consumption during the evalu-336

ation period.337

13



2025-01 2025-03 2025-05 2025-07 2025-09 2025-11 2026-01 2026-03
Date

45

50

55

60

65

70

75

80

85
Co

ns
um

pt
io

n 
(k

W
h)

Actual vs Predicted Residential Power Consumption
Actual
Linear Regression
XGBoost

Figure 2: Observed and predicted residential electricity consumption during the indepen-

dent testing period.

Both models reproduce the dominant temporal evolution of residential electricity de-338

mand during the testing period and exhibit highly similar forecasting trajectories. Al-339

though a small number of abrupt deviations remain under-predicted, the overall agree-340

ment between observations and forecasts indicates that most of the predictive information341

can be extracted from historical consumption behaviour. The limited performance ad-342

vantage achieved by XGBoost suggests that complex non-linear interactions contribute343

comparatively little additional forecasting skill beyond that already provided by autore-344

gressive consumption patterns.345

3.4 Residual Behaviour and Forecast Reliability346

To evaluate model reliability, the distribution of forecasting residuals was examined.347

Figure 3 presents the residual distribution obtained from the forecasting framework.348
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Figure 3: Distribution of forecasting residuals.

The residuals remain centred around zero and show no evidence of systematic bias to-349

ward either overprediction or underprediction. This indicates that the forecasting frame-350

work produces balanced estimates across the evaluation period. While the distribution351

exhibits heavier tails than an ideal Gaussian distribution, such behaviour is expected in352

large residential datasets where occasional high-consumption households introduce ex-353

treme observations. Overall, the residual structure suggests that the models provide354

stable and reliable forecasts.355

3.5 Explainable AI and the Drivers of Electricity Demand356

A major objective of this study was not only to forecast electricity demand but also to357

identify the factors driving model predictions. To achieve this, SHAP (SHapley Additive358

exPlanations) analysis was performed on the trained XGBoost model.359

Figure 4 presents the SHAP summary plot.360
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Figure 4: SHAP summary plot showing the contribution of each predictor to model

forecasts.

The SHAP analysis reveals a clear hierarchy of predictor importance. Lag 2 kWh361

emerges as the most influential predictor, followed by Lag 1 kWh and Lag 12 kWh. To-362

gether, these autoregressive variables account for the overwhelming majority of model363

explanatory power and consistently generate the largest SHAP magnitudes across the364

dataset. High values of these predictors are generally associated with positive SHAP365

contributions, indicating that households with higher recent electricity consumption are366

more likely to exhibit elevated future demand. This finding highlights the strong persis-367

tence inherent in residential electricity consumption and suggests that historical usage368

patterns contain most of the predictive information required for accurate load forecasting.369

In contrast, weather and tariff-related variables contribute substantially smaller SHAP370

values. Although Total Cooling Degree Days (CDD) is the most influential exogenous pre-371

dictor, its contribution remains modest relative to the lag variables. Likewise, the Lifeline372

Rate and Lifeline Limit exhibit comparatively weak influence on forecast outcomes.373

These findings suggest that household electricity consumption within the prepaid374

residential sector is governed primarily by behavioural persistence. Future demand is375

strongly conditioned by recent consumption patterns, indicating that households tend376

to maintain relatively stable electricity usage habits over time. The contribution of377

Lag 12 kWh further points to the existence of recurring annual consumption behaviour,378
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reflecting the influence of seasonal and cyclical household activities. Nevertheless, these379

longer-term effects remain secondary to the dominant influence of short-term consumption380

history, highlighting the importance of recent usage patterns in shaping future electricity381

demand.382

3.6 Incremental Contribution of Weather and Tariff Variables383

To quantify the contribution of different predictor groups, an ablation analysis was con-384

ducted. The results are presented in Figure 5.385
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Figure 5: Ablation study illustrating the contribution of different predictor groups to

forecasting performance.

The ablation analysis demonstrates that historical consumption variables provide386

nearly all of the forecasting skill achieved by the model. The inclusion of meteoro-387

logical information and tariff-related predictors results in only marginal improvements in388

forecasting accuracy, indicating that these variables contribute comparatively little ad-389

ditional predictive information beyond that already contained within the autoregressive390

consumption history.391

This finding provides further insight into the similar performance observed between392

OLS and XGBoost. Since the dominant predictive information originates from historical393

consumption behaviour, there is limited opportunity for more sophisticated machine-394
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learning algorithms to exploit additional non-linear relationships.395

3.7 Temporal Persistence and Seasonal Behaviour396

The temporal structure of residential electricity consumption was further investigated397

using autocorrelation diagnostics. Figure 6 presents the Autocorrelation Function (ACF)398

and Partial Autocorrelation Function (PACF).399
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Figure 6: Autocorrelation and partial autocorrelation diagnostics for residential electricity

consumption.

The ACF exhibits a gradual decay across successive lags, indicating substantial tem-400

poral persistence within the residential electricity consumption series. Significant auto-401

correlation remains present over multiple lag intervals, suggesting that current electricity402

demand is strongly influenced by previous observations. Meanwhile, the PACF displays403

pronounced first-order and second-order spikes, providing statistical support for the in-404

clusion of Lag 1 and Lag 2 as autoregressive predictors within the forecasting framework.405

These autocorrelation patterns indicate that a considerable proportion of future con-406

sumption behaviour can be explained by recent electricity usage, thereby justifying the407

adoption of lag-based features within the forecasting models.408
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These autocorrelation diagnostics provide independent statistical justification for the409

autoregressive feature engineering strategy adopted in this study and confirm the presence410

of strong temporal dependence within residential electricity consumption.411

Seasonal decomposition provides additional insight into the temporal characteristics412

of the series. Figure 7 separates the data into trend, seasonal, and residual components.413
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Figure 7: Seasonal decomposition of residential electricity consumption.

The seasonal decomposition reveals the presence of recurring seasonal behaviour414

within residential electricity consumption. However, the magnitude of the seasonal com-415

ponent remains considerably smaller than that of the long-term trend and the strong416

autoregressive structure identified throughout the analysis. This observation is consis-417

tent with the SHAP results, where Lag 12 kWh contributes meaningfully to forecasting418

performance by capturing annual consumption recurrence but remains less influential419

than the short-term predictors Lag 1 kWh and Lag 2 kWh. Consequently, while seasonal420

effects are evident within the prepaid residential sector, short-term consumption persis-421

tence exerts substantially greater influence on future electricity demand. These findings422

suggest that recent consumption behaviour provides more predictive information than423

recurring annual patterns, reinforcing the dominant role of behavioural persistence in424
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residential electricity usage.425

3.8 Implications for Utility Planning and Energy Policy426

The collective evidence from the forecasting, explainability, and temporal analyses points427

toward a consistent conclusion. Residential electricity demand within the Kenyan prepaid428

sector is governed primarily by behavioural persistence. Although weather variability and429

tariff structures contribute measurable predictive information, their influence remains430

substantially weaker than that of historical consumption behaviour.431

From an operational perspective, these findings suggest that maintaining accurate432

historical consumption records may be more valuable than deploying increasingly com-433

plex forecasting architectures. The near-identical performance of OLS and XGBoost434

demonstrates that computationally efficient and highly interpretable statistical models435

can achieve forecasting accuracy comparable to more sophisticated machine-learning ap-436

proaches.437

From a policy perspective, the relatively weak influence of tariff variables suggests that438

short-term residential electricity demand remains largely inelastic within the prepaid en-439

vironment. Households appear to prioritise essential electricity services and maintain rel-440

atively stable consumption patterns despite moderate tariff adjustments. Consequently,441

policymakers should not necessarily expect immediate reductions in residential electricity442

demand following tariff revisions, particularly among lower- and middle-income house-443

holds.444

Overall, the results demonstrate that historical consumption behaviour remains the445

dominant determinant of future residential electricity demand. Weather variability and446

tariff structures contribute useful but comparatively limited predictive information, ex-447

plaining why advanced machine-learning models provide only marginal forecasting im-448

provements over simpler autoregressive approaches.449

4 Conclusion and Recommendations450

This study investigated the drivers of residential electricity demand within the Kenyan451

prepaid electricity sector using a forecasting framework that combined machine learn-452

ing and Explainable Artificial Intelligence (XAI) techniques. By integrating historical453
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consumption records, meteorological variables, and tariff-related information, the study454

sought not only to predict future electricity demand but also to identify the factors that455

most strongly influence consumption behaviour.456

The results consistently demonstrated that historical electricity consumption is the457

dominant predictor of future residential demand. Correlation analysis, SHAP explain-458

ability results, autocorrelation diagnostics, and seasonal decomposition all indicated that459

recent consumption history contains the majority of the predictive information required460

for accurate load forecasting. While weather variability and tariff-related variables con-461

tributed measurable information to the forecasting framework, their influence remained462

substantially weaker than that of the autoregressive consumption features.463

A comparative evaluation of forecasting models showed that the XGBoost and Ordi-464

nary Least Squares (OLS) frameworks achieved broadly similar levels of predictive accu-465

racy when evaluated using a strict chronological validation strategy. Although XGBoost466

achieved a marginally lower Mean Absolute Error, OLS produced a slightly lower Root467

Mean Square Error, indicating that the additional complexity of the machine-learning468

model resulted in only limited forecasting gains for this particular application. These find-469

ings suggest that residential electricity demand within the prepaid sector is characterised470

by strong behavioural persistence, allowing relatively simple forecasting approaches to471

capture much of the underlying demand structure.472

The explainability analysis further revealed that short-term consumption history ex-473

erts considerably greater influence on future electricity demand than seasonal, weather-474

related, or tariff-related factors. The contribution of annual lag effects indicates the475

presence of recurring seasonal behaviour; however, these effects remain secondary to the476

dominant influence of recent consumption patterns. Collectively, the results suggest that477

household electricity usage within the prepaid environment is shaped primarily by estab-478

lished consumption habits and recurring behavioural routines.479

From a practical perspective, the findings indicate that utility providers can achieve480

reliable residential load forecasts using computationally efficient and highly interpretable481

forecasting frameworks. Maintaining accurate historical consumption records may there-482

fore provide greater forecasting value than adopting increasingly complex modelling archi-483

tectures, particularly in environments where demand behaviour exhibits strong temporal484

persistence.485
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From a policy perspective, the comparatively weak influence of tariff variables suggests486

that short-term residential electricity demand may not respond strongly to moderate487

tariff adjustments. While tariff changes remain important for revenue planning and long-488

term energy policy, their immediate impact on household electricity consumption appears489

limited relative to the influence of established consumption behaviour. Consequently,490

policymakers should exercise caution when assuming that short-term changes in electricity491

prices will necessarily translate into substantial reductions in residential demand.492

Future research could extend this work by incorporating higher-frequency smart-493

meter data, household demographic characteristics, appliance ownership information, and494

broader socioeconomic indicators. Additional investigations into anomaly detection and495

behavioural change modelling may also help identify abrupt consumption shifts that are496

not fully captured by conventional autoregressive forecasting approaches. Such develop-497

ments would provide a deeper understanding of residential electricity demand dynamics498

and support more adaptive forecasting strategies for rapidly evolving prepaid electricity499

systems.500
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