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Abstract 
Reliable forecasts of gross domestic product (GDP) 

per capita are important for fiscal planning, policy 

assessment, and development budgeting in volatile 

economies such as Nigeria. This study evaluates 

three univariate forecasting approaches for Nigeria’s 

GDP per capita: ARIMA, exponential smoothing 

(ETS), and a Prophet-style piecewise-linear trend 

model. Annual World Development Indicators data 

for 1960–2025 were used. Stationarity was assessed 

with the Augmented Dickey-Fuller and KPSS tests. 

The main estimation sample was 1960–2023, with 

1960–2015 used for model training and 2016–2023 

retained as a genuine eight-year holdout period. 

Forecast accuracy was assessed using MAE, RMSE, 

MAPE, and MASE. ARIMA(2,1,2), ETS(A,N,N), 

and the Prophet-style trend specification were 

compared using the same training and testing 

protocol. The Prophet-style model recorded the 

lowest MAE (US$414.17) and MAPE (14.91%), 

while ARIMA recorded the lowest RMSE 

(US$442.74) and MASE (1.069); ETS was weakest 

across all four measures. Residual diagnostics 

indicated that ARIMA had no significant residual 

autocorrelation or departure from normality, 

although mild conditional heteroskedasticity 

remained. A separate post-reform stress test used 

models re-estimated through 2023 to forecast 2024–

2025. All three models substantially over-predicted 

the realised GDP-per-capita values, with absolute 

percentage errors ranging from 39.9% to 97.3%. The 

findings show that model ranking can differ across 

accuracy measures and that even well-diagnosed 

univariate models are vulnerable to policy-driven 

regime changes that are not encoded in the historical 

series. The study recommends treating univariate 

forecasts as baseline signals and combining them 

with scenario analysis and policy information when 

major exchange-rate or fiscal reforms are anticipated. 
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I. Introduction 
1.1 Background of the Study 

Gross domestic product (GDP) per capita 

remains one of the most widely used single indicators 

of a country's material standard of living and its 

trajectory of economic development. For a country 

such as Nigeria, Africa’s most populous nation and, 

by several measures, one of its largest economies the 

path of GDP per capita over time encodes decades of 

oil-price cycles, exchange-rate regimes, structural 

adjustment episodes, and, more recently, a dramatic 

currency devaluation. Between 1960 and 2025, 

Nigeria's GDP per capita in current United States 

dollars has moved from roughly US$93 to a peak 

above US$3,100 in 2019, only to collapse to little 

more than US$1,000 by 2024 following the Central 

Bank of Nigeria's decision in June 2023 to float the 

naira and unify its multiple exchange-rate windows 

(International Monetary Fund, 2026). This 

extraordinary volatility makes Nigeria a particularly 

demanding and instructive test case for time series 

forecasting methods, because it combines a long-run 

upward trend, several sharp cyclical reversals tied to 

global oil markets, and at least one unambiguous 

regime shift whose timing was determined by policy 

rather than by any regularity in the historical data. 

Forecasting GDP per capita is not a narrow 

technical exercise. National budgets, debt 

sustainability analyses, poverty projections, and 

donor programming all rely, directly or indirectly, on 

some expectation of how per-capita income will 

evolve over the short-to-medium term. When such 

forecasts are systematically wrong  as this study will 

show they can be during periods of policy-driven 

regime change  the downstream consequences for 

fiscal planning and social protection budgeting can be 

severe. It is therefore of considerable practical, as 

well as academic, interest to establish which 
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univariate forecasting techniques perform best for a 

series with Nigeria's particular statistical properties, 

and, just as importantly, to understand the 

circumstances under which even the best-performing 

model can fail. 

Three families of univariate time series 

models dominate contemporary applied forecasting 

practice. The Box-Jenkins Autoregressive Integrated 

Moving Average (ARIMA) methodology (Box et al., 

2015) remains the workhorse of econometric 

forecasting, prized for its transparent statistical 

foundations, its explicit treatment of non-stationarity 

through differencing, and its long track record in 

macroeconomic applications, including several prior 

studies of Nigeria's national income aggregates 

(Ugoh et al., 2021; Yahaya et al., 2020). The Error-

Trend-Seasonal (ETS) exponential smoothing 

framework, formalised as an innovations state-space 

model by Hyndman et al. (2002, 2008), offers a 

complementary and often more parsimonious 

alternative that adaptively weights recent 

observations and is particularly effective for series 

that do not exhibit high-order autocorrelation. 

Finally, the Prophet-style trend model, introduced by 

Taylor and Letham (2018) at Facebook (Meta), 

reframes forecasting as a curve-fitting exercise using 

a generalised additive model with an automatically 

detected piecewise-linear (or logistic) trend, seasonal 

terms, and holiday effects; although the Prophet-style 

trend model was designed primarily for high-

frequency business time series, its trend-

decomposition logic and automatic changepoint 

detection make it a natural candidate for annual 

macroeconomic series that exhibit occasional 

discrete shifts in growth rate, such as Nigeria's. 

Despite a reasonably large literature 

applying ARIMA models to Nigeria's GDP (Ugoh et 

al., 2021; Yahaya et al., 2020), and a growing 

international literature comparing ARIMA against 

the Prophet-style trend model and machine-learning 

alternatives in other economic contexts (Adebayo et 

al., 2025; Erkekoglu et al., 2020), there is, to the best 

of the author's knowledge, no published study that 

places ARIMA, ETS, and the Prophet-style trend 

model in direct, like-for-like comparison specifically 

for Nigeria's GDP per capita, nor one that exploits the 

recent (2023–2025) naira devaluation as a natural 

experiment in forecast-model robustness to regime 

shifts. This study addresses that gap. 

 

1.2 Statement of the Problem 

Nigerian policymakers and international 

development partners require dependable short- and 

medium-term projections of GDP per capita to plan 

budgets, calibrate monetary policy, and assess 

progress toward poverty-reduction targets. In 

practice, however, forecasting agencies and 

researchers must choose among several competing 

univariate time series techniques without a clear, 

empirically grounded basis for that choice in the 

Nigerian context. Existing Nigerian studies have 

concentrated almost exclusively on ARIMA and its 

extensions (ARIMAX, hybrid ARIMA models), 

leaving open the question of how ARIMA's 

performance compares with that of modern 

automated alternatives such as ETS and the Prophet-

style trend model. Compounding this gap is the fact 

that Nigeria's GDP per capita series was, in 2023–

2025, subjected to an exchange-rate policy shock of 

a magnitude rarely observed outside of hyperinflation 

or currency-crisis episodes. It is not known, 

empirically, how badly standard univariate 

forecasting techniques degrade when confronted with 

such a break, nor which of the three techniques 

degrades least. This study is designed to answer both 

the "which model is best under normal conditions" 

question and the arguably more policy-relevant 

"which model degrades least gracefully under a 

regime shift" question. 

 

1.3 Aim and Objectives 

The aim of this study is to forecast Nigeria's GDP per 

capita using ARIMA, ETS, and the Prophet-style 

trend models and to comparatively evaluate their 

forecasting accuracy. The specific objectives are to: 

i. Examine the time series properties (trend, 

stationarity, autocorrelation structure) of 

Nigeria's GDP per capita, 1960–2025; 

ii. Specify, estimate, and diagnostically 

validate an appropriate ARIMA model for 

the series; 

iii. Specify and estimate an appropriate ETS 

exponential smoothing model for the series; 

iv. Specify and estimate the Prophet-style trend 

model with a piecewise-linear trend for the 

series; 

v. Compare the out-of-sample forecasting 

accuracy of the three models using standard 

error metrics (MAE, RMSE, MAPE, 

MASE); and 

vi. Assess the robustness of each model's 

forecasts to the regime shift associated with 

Nigeria's 2023 exchange-rate unification, by 

comparing ex-ante forecasts for 2024–2025 

against the realised outturn. 

1.4 Research Questions 

i. What are the time series properties of 

Nigeria's GDP per capita over 1960–2025, 

and what order of integration best describes 

the series? 

ii. What are the optimal ARIMA, ETS, and the 

Prophet-style trend model specifications for 
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the series, and are their estimated residuals 

consistent with well-specified models? 

iii. Which of the three models produces the 

most accurate out-of-sample forecasts over 

a genuine holdout period (2016–2023)? 

iv. How robust are the three models' forecasts 

to the unanticipated regime shift associated 

with the exchange-rate reform of June 

2023? 

Because this study is a comparative forecasting 

exercise rather than a hypothesis-testing exercise in 

the classical inferential sense, no directional research 

hypotheses are specified; instead, the study is guided 

by the research questions above, consistent with 

common practice in the applied forecasting-

comparison literature (Adebayo et al., 2025; 

Makridakis et al., 2020). 

 

1.5 Significance of the Study 

This study contributes to the literature and to practice 

in several ways. First, it extends the predominantly 

ARIMA-only Nigerian GDP forecasting literature 

(Ugoh et al., 2021; Yahaya et al., 2020) by 

introducing a genuine three-way comparison with 

ETS and the Prophet-style trend model, following the 

comparative methodology increasingly used in the 

international forecasting literature (Adebayo et al., 

2025; Erkekoglu et al., 2020). Second, by working 

with GDP per capita rather than aggregate GDP, the 

study speaks more directly to household welfare and 

living-standard trends than studies of the aggregate 

national income figure. Third, by deliberately 

including the 2023–2025 devaluation episode in the 

analysis, the study provides empirical evidence rare 

in the applied forecasting literature  on how well-

specified univariate models perform when 

confronted with a genuine, dateable regime shift, 

offering a cautionary complement to the many studies 

that report only in-regime accuracy statistics. Finally, 

the study offers practical, model-agnostic guidance to 

Nigerian fiscal and statistical agencies, and to 

comparable oil-dependent developing economies, on 

how to combine automated univariate forecasting 

with judgemental scenario overlays during periods of 

policy transition. 

 

II. Literature Review 
2.1 Conceptual Review 

GDP per capita is defined as gross domestic 

product divided by mid-year population, and is 

conventionally reported in current or constant prices, 

in local currency units, or converted to a common 

currency such as the United States dollar (World 

Bank, 2026). Because the US-dollar conversion 

embeds the prevailing exchange rate, GDP per capita 

expressed in current US dollars  the measure used in 

this study  is jointly determined by real output 

growth, domestic price inflation, and currency 

movements. This has an important conceptual 

implication for the present study: a large devaluation 

of the naira mechanically reduces dollar-

denominated GDP per capita even if real, naira-

denominated output and living standards are broadly 

unchanged, a point returned to in the discussion of the 

2023–2025 forecast errors. 

Time series forecasting is the practice of 

using the historical values of a variable to generate 

expectations of its future values. A time series is said 

to be stationary (specifically, weakly or covariance-

stationary) if its mean, variance, and autocovariance 

structure do not change over time; most 

macroeconomic series, including GDP-related 

aggregates, are non-stationary in levels but become 

stationary after one or more rounds of differencing, 

in which case the series is said to be integrated of 

order d, denoted I(d) (Nelson & Plosser, 1982). The 

autocorrelation function (ACF) and partial 

autocorrelation function (PACF) summarise, 

respectively, the total and the "direct" correlation 

between a series and its own lagged values, and are 

the principal diagnostic tools used to identify the 

autoregressive (AR) and moving-average (MA) 

orders of a candidate ARIMA model (Box et al., 

2015). 

Exponential smoothing methods forecast 

future values as weighted averages of past 

observations, with weights that decay exponentially 

as observations recede into the past. The ETS 

taxonomy classifies exponential smoothing methods 

by the form of their Error, Trend, and Seasonal 

components (each Additive, multiplicative, or 

absent/damped), and casts each combination as an 

explicit innovations state-space model, which 

permits likelihood-based estimation and information-

criterion-based model selection (Hyndman et al., 

2002). 

The Prophet-style trend model is a Bayesian-

flavoured generalised additive model of the form: 

 y(t) = g(t) + s(t) + h(t) + ε(t),  

where g(t) is a (piecewise-linear or logistic) trend 

function, s(t) captures periodic seasonality via a 

Fourier series, h(t) captures holiday or event effects, 

and ε(t) is an idiosyncratic error term (Taylor & 

Letham, 2018). Trend changepoints are selected 

automatically from a candidate set (typically the first 

80% of the historical range) and regularised using a 

Laplace (L1) prior, so that most candidate 

changepoints are shrunk to zero and only the 

changepoints supported by the data survive with a 

non-zero slope adjustment a mechanism directly 

analogous to LASSO regression (Taylor & Letham, 

2018). 
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Forecast accuracy is conventionally assessed out-of-

sample, using a holdout period not seen by the model 

during estimation. Common scale-dependent 

measures include the mean absolute error (MAE) and 

root mean squared error (RMSE); scale-independent 

measures include the mean absolute percentage error 

(MAPE) and the mean absolute scaled error (MASE), 

the latter proposed to overcome MAPE's instability 

when the series can approach zero (Hyndman & 

Koehler, 2006, as cited in Kang et al., 2021). This 

study reports all four measures for a fuller picture of 

relative accuracy. 

 

2.2 Theoretical Framework 

Two complementary theoretical strands 

motivate the modelling choices in this study. The first 

is the Wold decomposition theorem, which underlies 

the entire Box-Jenkins ARIMA methodology: any 

covariance-stationary process can be represented as 

the sum of a deterministic component and a (possibly 

infinite-order) linear combination of past white-noise 

innovations, which in practice can be well 

approximated by a finite-order ARMA(p, q) process 

(Box et al., 2015). This theorem provides the formal 

justification for approximating Nigeria's 

(differenced, stationary) GDP-per-capita process by 

a low-order ARMA model. 

The second is the unit-root / random-walk 

hypothesis of macroeconomic time series, associated 

with Nelson and Plosser's (1982) seminal finding that 

most US macroeconomic aggregates, including real 

GNP and real per-capita GNP, are better 

characterised as difference-stationary (containing a 

stochastic trend, or "unit root") than as trend-

stationary (fluctuating around a fixed deterministic 

trend). The theoretical implication is important for 

policy interpretation: if GDP per capita is difference-

stationary, then shocks including a discrete 

exchange-rate policy shock have permanent, not 

merely transitory, effects on the level of the series, 

and the series does not revert to any pre-existing trend 

line after a shock. As will be shown in Section 4, 

Nigeria's GDP per capita is indeed found to be 

difference-stationary (I(1)), a finding consistent with 

the Nelson-Plosser hypothesis and one that is directly 

relevant to interpreting the 2023–2025 forecast 

failure documented later in this study: a permanent 

policy-associated level shift is, by construction, not 

something a purely extrapolative model estimated on 

pre-reform data can be expected to anticipate. 

A third, more applied theoretical strand is 

the innovations state-space representation of 

exponential smoothing (Hyndman et al., 2002, 2008), 

which shows that every member of the ETS 

taxonomy is formally equivalent to a linear Gaussian 

state-space model, thereby placing exponential 

smoothing methods historically viewed as ad hoc 

heuristics on the same rigorous, likelihood-based 

footing as ARIMA models, and permitting the use of 

information criteria (AIC, BIC) for automatic model 

selection, as is done in Section 3 of this study. 

 

2.3 Empirical Review 

A substantial body of Nigerian empirical 

work has applied ARIMA models to GDP-related 

series. Yahaya et al. (2020), using annual Nigerian 

GDP data for 1981–2019, found the series stationary 

only after second differencing and identified 

ARIMA(1,2,1) as the best-fitting model by AIC, 

reporting a Theil inequality coefficient of 0.022, 

which they interpreted as indicating good forecasting 

ability. Ugoh et al. (2021) modelled Nigeria's GDP 

for 1990–2019 using an ARIMAX specification with 

import volumes as an exogenous regressor, selecting 

ARIMA(0,1,1) errors by the Bayesian Information 

Criterion and reporting that the augmented ARIMAX 

specification outperformed a pure ARIMA 

benchmark on Theil's U statistic. Related Nigerian 

studies have examined seasonal and bilinear ARIMA 

specifications for quarterly GDP (Ogunbona et al., 

2024) and hybrid ARIMA-neural-network models, 

generally finding that hybrid specifications modestly 

improve on pure ARIMA benchmarks, though at the 

cost of interpretability. A common thread across this 

literature is its focus on aggregate GDP (or GDP 

growth) rather than GDP per capita, and its near-

exclusive reliance on the ARIMA family, without 

comparison to exponential smoothing or additive-

decomposition alternatives. 

Outside Nigeria, a growing number of 

studies directly compare ARIMA against the 

Prophet-style trend model and/or exponential 

smoothing for GDP or related macroeconomic 

aggregates. Adebayo et al. (2025) compared the 

Prophet-style trend model and ARIMA for 

forecasting United States Personal Consumption 

Expenditures using monthly data from 1967–2015, 

and found that a seasonal ARIMA(0,2,3)(2,0,0)[12] 

specification achieved a substantially lower RMSE 

(24.38) and MAPE (0.37%) than the Prophet-style 

trend model (RMSE 37.45, MAPE 0.99%), 

concluding that traditional ARIMA can outperform 

the Prophet-style trend model even though the 

Prophet-style trend model offered easier 

interpretability of trend and seasonal components. 

Erkekoglu et al. (2020), comparing ARIMA, 

exponential smoothing, and vector autoregression for 

Turkish private consumption, exports, and GDP 

(1998Q1–2017Q4), found that ARIMA 

outperformed both exponential smoothing and VAR 

on RMSE, MAE, and MAPE across all three series, 

while exponential smoothing was consistently the 
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weakest of the three techniques a pattern that, as 

shown in Section 4, is echoed in the present study's 

holdout results, where ETS was likewise the least 

accurate of the three models on all four accuracy 

measures. A broader synthesis of over sixty 

forecasting methods, the M4 forecasting competition 

(Makridakis et al., 2018, 2020), similarly found that 

no single method dominates across all 100,000 

competition series, but that combinations of 

relatively simple statistical methods including 

ARIMA and exponential-smoothing variants were 

highly competitive with, and in several categories 

superior to, more complex machine-learning 

approaches, a finding that motivates this study's use 

of relatively parsimonious, well-diagnosed univariate 

specifications rather than more complex multivariate 

or machine-learning alternatives. 

A smaller but relevant literature applies 

GDP-forecasting comparisons to structurally volatile 

or policy-shock-prone economies. Evidence from 

forecasting experiments also indicates that structural 

breaks can materially reduce forecast accuracy, while 

forecast combinations can improve performance 

when breaks and conditional heteroskedasticity are 

present (Aser & Firuzan, 2022). A recent evaluation 

of ARIMA, exponential smoothing, and XGBoost for 

United States and Indian GDP found that the 

exponential-smoothing model substantially under-

predicted US GDP during 2017–2020, with the gap 

widening sharply in 2020 owing to the COVID-19 

pandemic an economic shock the authors explicitly 

attribute to the model's inability to anticipate an 

exogenous disruption to the historical growth pattern 

(Hisam et al. (2026)). This is directly analogous to 

the central finding of the present study regarding 

Nigeria's 2023 exchange-rate reform, and lends 

independent support to the more general proposition, 

discussed further in Section 5, that purely 

extrapolative univariate models are systematically 

vulnerable to discrete, policy- or event-driven regime 

shifts, regardless of which specific univariate 

technique is used. 

 

2.4 Identified Research Gap 

Three gaps emerge from the reviewed 

literature. First, despite the volume of ARIMA-based 

Nigerian GDP forecasting studies, none of the studies 

identified compares ARIMA against both ETS and 

the Prophet-style trend model within a single, 

methodologically consistent Nigerian study; the 

closest analogues (Adebayo et al., 2025; Erkekoglu 

et al., 2020) are drawn from the United States and 

Turkey, whose macroeconomic dynamics differ 

substantially from Nigeria's oil-dependent, 

exchange-rate-shock-prone economy. Second, the 

existing Nigerian literature models aggregate GDP 

rather than GDP per capita, a measure more directly 

informative about household living standards and 

more sensitive to both population growth and 

currency valuation effects. Third, and most 

importantly for the present study's original 

contribution, no identified study evaluates forecast 

robustness against a real, dateable, large-magnitude 

regime shift using genuine ex-ante forecasts 

compared with realised outturns  most published 

comparisons report only in-regime holdout accuracy, 

which, as this study demonstrates, can look 

reasonably satisfactory (holdout MAPEs in the 15–

19% range) even while the same models fail 

dramatically (post-break absolute percentage errors 

of 40–97%) when a genuine regime shift 

subsequently occurs. This study addresses all three 

gaps. 

 

III. Methodology 
3.1 Research Design 

This study adopts a quantitative, ex-post-facto, 

comparative time series research design. It does not 

manipulate any variable; rather, it applies three 

competing univariate forecasting techniques to a 

single historical series and compares their fit and 

forecasting performance using established statistical 

criteria. The design follows the standard train/test 

(holdout) evaluation protocol widely used in the 

applied forecasting literature (Adebayo et al., 2025; 

Erkekoglu et al., 2020; Makridakis et al., 2020), 

supplemented in this study by a genuine ex-ante 

validation exercise in which models estimated on 

data through 2023 are used to forecast 2024–2025 

and compared against the actual values subsequently 

recorded in the World Development Indicators 

database. 

 

3.2 Data Source 

The data used in this study are annual observations of 

Nigeria's GDP per capita (current US$), World Bank 

indicator code NY.GDP.PCAP.CD, extracted from 

the World Bank's World Development Indicators 

(WDI) database (World Bank, 2026). The WDI is the 

World Bank's premier compilation of internationally 

comparable development statistics, covering more 

than 1,500 indicators for over 200 economies, 

compiled from officially recognised national and 

international sources (World Bank, 2026). The 

specific extract used in this study was supplied as a 

country-level WDI workbook containing Nigeria's 

series for a range of economic, demographic, and 

health indicators for 1960–2025; GDP per capita 

(current US$) was isolated as the target variable for 

this study. 
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3.3 Study Period 

The full series spans 1960–2025 (66 annual 

observations). To preserve a genuinely unseen post-

reform evaluation, the main estimation sample ends 

in 2023 (64 observations), while 2024–2025 are 

reserved for a separate ex-ante stress test using 

subsequently realised World Development Indicators 

values. Within the 1960–2023 estimation sample, 

1960–2015 (56 observations) form the training 

sample and 2016–2023 (8 observations) form the 

holdout sample. Because the data are annual, the 

holdout is deliberately retained as a fixed multi-year 

block rather than randomised cross-validation. 

 

3.4 Variables and Measurement 

The sole variable modelled is Nigeria's annual GDP 

per capita in current United States dollars, y_t, for t = 

1960, …, 2025. No exogenous regressors are used, 

consistent with the univariate nature of all three 

techniques compared (ARIMA, ETS, and the trend-

only Prophet-style trend model specification 

appropriate for annual, non-seasonal data). Because 

World Bank current-US-dollar GDP-per-capita 

figures already embed both real output and exchange-

rate movements, the series captures, by construction, 

the effect of the 2023 naira devaluation on dollar-

denominated living standards  a feature exploited 

deliberately in the study's post-reform stress test 

rather than a data limitation to be engineered away. 

 

3.5       Model Specification 

3.5.1     ARIMA.  

The Box-Jenkins ARIMA(p, d, q) model is specified 

as: 

 𝜑(𝐵)(1 −  𝐵)𝑑𝑦𝑡  =  𝑐 +  𝜃(𝐵)𝜀𝑡,  

where B is the backshift operator,  

φ(B) = 1 − φ₁B − … − φ_pB^p is the autoregressive 

polynomial,  

θ(B) = 1 + θ₁B + … + θ_qB^q is the moving-average 

polynomial,  

d is the order of differencing required to induce 

stationarity,  

c is a constant, and  

ε_t is assumed to be white noise. Following standard 

Box-Jenkins practice (Box et al., 2015), the order of 

integration d was determined using Augmented 

Dickey-Fuller (ADF) and Kwiatkowski-Phillips-

Schmidt-Shin (KPSS) tests); conditional on d = 1, 

candidate (p, q) pairs for p, q ∈ {0, 1, 2, 3} were 

estimated by conditional-sum-of-squares (CSS) 

minimisation, and the specification minimising the 

Akaike Information Criterion (AIC), corroborated by 

the Bayesian Information Criterion (BIC), was 

selected as the final model. 

 

3.5.2     ETS.  

Three nested members of the ETS taxonomy 

appropriate for a non-seasonal annual series were 

estimated: simple exponential smoothing, 

ETS(A,N,N); Holt's linear trend method, 

ETS(A,A,N); and the additive-damped-trend 

method, ETS(A,Ad,N). Each is cast in innovations 

state-space form (Hyndman et al., 2002, 2008); for 

example, Holt's linear trend method is written as  

𝑦𝑡  =  ℓ𝑡−1  +  𝑏𝑡−1  +  𝜀_𝑡   ℓ𝑡  
=  ℓ𝑡−1  +  𝑏𝑡−1  +  𝛼𝜀_𝑡   𝑏𝑡  
=  𝑏𝑡−1  +  𝛽(𝛼𝜀_𝑡) 

where ℓ_t and b_t are the smoothed level and trend, 

and α, β ∈ (0,1) are smoothing parameters estimated 

by maximising the Gaussian likelihood (equivalently, 

minimising the in-sample sum of squared one-step-

ahead errors). The damped-trend variant introduces 

an additional damping parameter φ ∈ (0,1) that 

attenuates the trend as the forecast horizon lengthens. 

The member of the taxonomy with the lowest AIC 

was selected as the final ETS specification. 

 

3.5.3 the Prophet-style trend model.  

The third approach is a Prophet-style 

piecewise-linear trend model based on the 

formulation of Taylor and Letham (2018). Because 

the annual data have no meaningful weekly or 

monthly seasonal component, the comparison uses 

the piecewise trend component without sub-annual 

seasonality or holiday effects. Candidate changepoint 

configurations were evaluated over the same training 

sample used for ARIMA and ETS. A grid of 

candidate numbers of changepoints (5, 8, 10, and 15) 

and changepoint prior scales (0.01, 0.05, 0.1, and 0.5) 

was considered, and the configuration with the lowest 

in-sample AIC was retained. 

Importantly, the implementation is a 

transparent first-principles reproduction of the 

piecewise-linear Prophet trend formulation using L1-

regularised estimation; it is not a claim of exact 

equivalence to the full Stan-based Prophet software 

implementation. The label “Prophet-style trend 

model” is therefore used throughout to make the 

computational scope explicit and avoid overstating 

reproducibility with the packaged Prophet 

implementation. 

All three models were implemented in 

Python 3 using NumPy, SciPy, and scikit-learn. 

ARIMA and ETS parameters were estimated using 

numerical optimisation of the model likelihood/error 

criterion, while the Prophet-style trend component 

was estimated through L1-regularised least squares. 

Because the computational environment did not 



 

 

International Journal of Advances in Engineering and Management (IJAEM) 

Volume 8, Issue 8 August. 2026, pp: 233-250   www.ijaem.net   ISSN: 2395-5252 

                                      

 

 

 

DOI: 10.5281/zenodo.22075433     | Impact Factor value 6.18 | ISO 9001: 2008 Certified Journal          Page 239 

permit installation of pre-built Prophet or forecasting 

packages, the study implemented the model 

equations directly from the cited methodological 

sources. This choice improves transparency of the 

estimation steps but also means that the Prophet-style 

results should be regarded as a formulation-level 

replication rather than a software-package 

replication. 

 

3.7 Diagnostic Tests 

Four diagnostic procedures were applied. 

Stationarity was assessed using the Augmented 

Dickey-Fuller test (Dickey & Fuller, 1979), which 

tests the null hypothesis of a unit root against the 

alternative of stationarity, and the Kwiatkowski-

Phillips-Schmidt-Shin (KPSS) test (Kwiatkowski et 

al., 1992), which tests the complementary null 

hypothesis of (level) stationarity against the 

alternative of a unit root; using both tests jointly, as 

recommended by Kwiatkowski et al. (1992), guards 

against over-interpreting either test in isolation. 

Residual autocorrelation was assessed using the 

Ljung-Box Q-statistic, which tests the joint null 

hypothesis that a specified number of residual 

autocorrelations are simultaneously zero. Residual 

normality was assessed using the Jarque-Bera test, 

based on sample skewness and kurtosis. Conditional 

heteroskedasticity in the residuals was assessed using 

the ARCH Lagrange-multiplier test of Engle, 

implemented as an auxiliary regression of squared 

residuals on their own lags. 

 

3.8 Method of Data Analysis 

Analysis proceeded in five stages: (1) 

descriptive and graphical analysis of the raw series; 

(2) unit-root and stationarity testing to determine the 

appropriate order of differencing; (3) identification, 

estimation, and diagnostic validation of ARIMA, 

ETS, and the Prophet-style trend model on the 1960–

2015 training window; (4) generation of 2016–2023 

holdout forecasts and calculation of MAE, RMSE, 

MAPE, and MASE; and (5) re-estimation on 1960–

2023 followed by a separate post-reform stress test 

for 2024–2025. All computations, figures, and tables 

presented in Section 4 were generated from this 

analytical pipeline. 

 

IV. Results 
 

4.1 Descriptive Statistics 

Table 1 summarises the descriptive properties of 

Nigeria's GDP per capita over the 1960–2023 

estimation sample (n = 64). The series averaged 

US$1,136.41 with a median of US$728.52, a large 

gap indicating right-skewness, confirmed by a 

skewness coefficient of 0.661 and excess kurtosis 

reflected in a kurtosis coefficient of 2.108. The 

standard deviation of US$940.27 relative to the mean 

implies a coefficient of variation of 82.7%, 

underscoring the series' considerable volatility across 

the sample period. The minimum value, US$93.14, 

was recorded in 1960 (the first year of independence), 

and the maximum, US$3,189.81, in 2019. The 

Jarque-Bera statistic (6.79, p = .034) rejects 

normality of the raw levels at the 5% significance 

level, consistent with the pronounced boom-bust 

episodes visible in Figure 1 (the 1981 oil-boom peak, 

late-1990s macroeconomic volatility, and the 2014–

2016 oil-price collapse). 

 

Table 1. Descriptive Statistics of Nigeria’s GDP per Capita (Current US$), 1960–2023 

Statistic Value 

N (years) 64 

Mean US$1,136.41 

Median US$728.52 

Standard deviation US$940.27 

Coefficient of variation 82.7% 

Minimum (year) US$93.14 (1960) 

Maximum (year) US$3,189.81 (2019) 

Skewness 0.661 

Kurtosis 2.108 

Jarque-Bera statistic (p-value) 6.79 (.034) 

Note. Source: World Bank World Development Indicators (World Bank, 2026); author's computation. 
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Figure 1 plots the full 1960–2025 series. Three features stand out: a long-run upward trend interrupted by at least 

four distinct episodes of sharp reversal (1981–1984, 1997–1999, 2014–2016, and 2019–2020), a pronounced 

acceleration after the mid 2000s debt-relief and oil-boom period, and the collapse beginning in 2023 that forms 

the focus of the post-reform analysis. 

 

 
Figure 1. Nigeria’s GDP per capita (current US$), 1960–2025. Source: World Development Indicators 

(World Bank, 2026). 

 

A correlation matrix in the conventional multivariate 

sense is not applicable to this study, since a single 

univariate series is modelled throughout; the relevant 

"correlation" structure is instead captured by the 

autocorrelation and partial autocorrelation functions. 

 

4.2 Unit Root (Stationarity) Tests 

Table 2 reports the ADF and KPSS test results for the 

level series and its first difference. In levels, the ADF 

test statistic (−0.926) does not exceed the 5% critical 

value (−2.89) in absolute terms, so the null 

hypothesis of a unit root cannot be rejected; 

correspondingly, the KPSS statistic (1.308) exceeds 

its 5% critical value (0.463), so the null hypothesis of 

level stationarity is rejected. Both tests therefore 

agree that the series is non-stationary in levels. After 

first differencing, the ADF statistic (−4.411) exceeds 

the 5% critical value (−2.89) in absolute terms, 

rejecting the unit-root null, while the KPSS statistic 

(0.038) falls well below its 5% critical value (0.463), 

failing to reject the stationarity null. The two tests are 

thus mutually corroborating and jointly indicate that 

Nigeria's GDP per capita is integrated of order one, 

I(1)  consistent with the Nelson-Plosser (1982) 

difference-stationary characterization of 

macroeconomic aggregates which fixes d = 1 for the 

ARIMA specification. 

 

Table 2. Augmented Dickey-Fuller and KPSS Unit Root Test Results 

Series ADF statistic 
ADF 5% critical 

value 

KPSS 

statistic 

KPSS 5% 

critical value 
Conclusion 

Level, y_t −0.926 −2.89 1.308 0.463 Non-stationary 

First difference, 

Δy_t 
−4.411 −2.89 0.038 0.463 Stationary 

 

Note. ADF lag length selected by AIC (maximum lag = 4). KPSS long-run variance estimated with Bartlett kernel, 

bandwidth = 3. 
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4.3 Autocorrelation Structure 

Figure 2 presents the ACF and PACF of the first-

differenced series up to lag 12. No autocorrelation 

coefficient exceeds the approximate 95% confidence 

bound (±0.247) at conventional lags, apart from a 

borderline negative spike at lag 4 (−0.238), which is 

just inside the band. This pattern an absence of 

strong, persistent autocorrelation in the differenced 

series is consistent with a low-order, parsimonious 

ARMA structure for the differenced series, and 

served as the starting point for the systematic order-

selection grid search reported next. 

 

 
Figure 2. ACF and PACF of the First-Differenced GDP per Capita Series (dashed lines: approximate 

95% confidence bounds). 

 

4.4 ARIMA Model Estimation 

A grid search over p, q ∈ {0, 1, 2, 3} with d = 1 fixed 

(Table 3) identified ARIMA(2,1,2) as the AIC-

minimising specification (AIC = 733.89, BIC = 

743.74), narrowly outperforming ARIMA(1,1,3) 

(AIC = 734.15) and clearly outperforming lower-

order alternatives such as ARIMA(1,1,1) (AIC = 

784.13) and ARIMA(0,1,1) (AIC = 782.13). 

 

Table 3. Top ARIMA Candidate Models by AIC (Training Sample: 1960–2015) 

Model AIC BIC 

ARIMA(2,1,2) 733.89 743.74 

ARIMA(1,1,3) 734.15 743.90 

ARIMA(2,1,3) 735.04 746.75 

ARIMA(3,1,1) 737.59 747.35 

ARIMA(3,1,2) 742.02 753.73 

ARIMA(2,1,1) 743.57 751.45 

ARIMA(1,1,2) 748.16 756.04 

The estimated ARIMA(2,1,2) model on the training 

sample (1960–2015) is 

Δy_t = 0.109 + 0.486Δy_{t-1} − 0.678Δy_{t-2} + ε_t 

− 0.392ε_{t-1} + 1.477ε_{t-2}, 

with estimated residual variance σ̂² = 50,028.2. 

Diagnostic checks on the estimated residuals (Table 

4) show no evidence of residual autocorrelation 

(Ljung-Box Q(8) = 3.15, p = .534, adjusted for 4 

estimated AR/MA parameters) and no evidence of 

non-normality (Jarque-Bera = 0.24, p = .888), 

indicating a well-specified conditional mean. The 

ARCH LM test for conditional heteroskedasticity is 

significant at the 5% level (LM(4) = 9.84, p = .043), 

indicating mild residual volatility clustering  

plausibly linked to the oil-price-driven volatility 

episodes evident in Figure 1  that a constant-variance 

ARIMA model does not capture; this is discussed 

further as a limitation in Section 8. 
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Table 4. ARIMA(2,1,2) Parameter Estimates and Residual Diagnostics 

Parameter/Test Estimate/Statistic p-value 

Constant (c) 0.109 — 

AR(1) coefficient (φ₁) 0.486 — 

AR(2) coefficient (φ₂) −0.678 — 

MA(1) coefficient (θ₁) −0.392 — 

MA(2) coefficient (θ₂) 1.477 — 

Residual variance (σ̂²) 50,028.2 — 

Ljung-Box Q(8) 3.15 .534 

Jarque-Bera 0.24 .888 

ARCH LM(4) 9.84 .043 

 

 

 
Figure 6. Residual Diagnostics for the Selected ARIMA(2,1,2) Model (training sample, 1960–2015). 

 

4.5 ETS and the Prophet-style Trend Model 

Estimation 

Among the three ETS variants estimated on 

the training sample, simple exponential smoothing, 

ETS(A,N,N), achieved the lowest AIC (810.45), 

ahead of Holt's linear trend, ETS(A,A,N) (AIC = 

813.36), and the damped-trend variant, ETS(A,Ad,N) 

(AIC = 815.81) (Table 5). The selected smoothing 

parameter was α ≈ 1.00, indicating that the fitted level 

places essentially all weight on the most recently 

observed value and none on earlier history an 

outcome consistent with the series' high year-to-year 

volatility, whereby recent shocks are, empirically, 

better predictors of the near-term level than any 

smoothed historical average. 
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Table 5. ETS Candidate Models by AIC (Training Sample: 1960–2015) 

Model Description AIC BIC 

ETS(A,N,N) 
Simple exponential 

smoothing 
810.45 814.50 

ETS(A,A,N) Holt's linear trend 813.36 821.46 

ETS(A,Ad,N) Additive damped trend 815.81 825.93 

 

For the Prophet-style trend model 

specification, a grid search over the number of 

candidate changepoints (5, 8, 10, 15) and the 

changepoint prior scale (0.01, 0.05, 0.1, 0.5) 

identified eight candidate changepoints with a prior 

scale of 0.1 as the AIC-minimising configuration (in-

sample AIC = 716.73 on the training sample), with 

all eight candidate changepoints receiving non-zero, 

materially sized slope adjustments (ranging from 

−1,995 to +1,653 in annualised trend units), 

reflecting the series' genuinely piecewise character  

alternating booms and busts rather than a single 

stable growth rate. Residual diagnostics for the 

selected the Prophet-style trend model showed 

approximately normal residuals (Jarque-Bera = 3.22, 

p = .200) but significant residual autocorrelation 

(Ljung-Box Q(12) = 74.52, p < .001), an expected 

consequence of the Prophet-style trend model's trend-

only specification not including an explicit 

autoregressive error term, unlike ARIMA.. 

 

4.6 Out-of-Sample Forecast Accuracy 

Comparison (2016–2023 Holdout) 

Table 6 and Figure 3 compare the three models' 

forecasts for the 2016–2023 holdout period, 

generated from parameters estimated solely on the 

1960–2015 training data. The Prophet-style trend 

model achieved the lowest MAE (US$414.17) and 

the lowest MAPE (14.91%); ARIMA(2,1,2) achieved 

the lowest RMSE (US$442.74) and the lowest MASE 

(1.069), indicating that ARIMA's forecasts, while 

slightly higher in mean absolute error than the 

Prophet-style trend model's, avoided the larger 

individual errors that inflate RMSE. ETS(A,N,N) 

was the least accurate model on all four measures, its 

flat, no-trend forecast profile (Figure 3) failing to 

track the pronounced recovery evident in the actual 

2018–2019 and 2021–2022 data. 

 

Table 6. Out-of-Sample Forecast Accuracy, 2016–2023 Holdout 

Model MAE (US$) RMSE (US$) MAPE (%) MASE 

ARIMA(2,1,2) 424.83 442.74 17.83 1.069 

ETS(A,N,N) 441.28 473.78 19.22 1.110 

Prophet-style trend 414.17 533.70 14.91 1.042 

 

Note. Bold indicates the best-performing model on each measure. 
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Figure 3. Holdout Forecast Comparison, 2016–2023 (models trained on 1960–2015). 

 

 
Figure 5. Out-of-sample forecast accuracy comparison, 2016–2023 holdout. 

 

4.7 Ex-Ante Forecasts versus Realised 

Outturn, 2024–2025 

To assess robustness to the June 2023 exchange-rate 

regime shift, all three models were re-estimated on 

the full 1960–2023 sample and used to generate ex-

ante forecasts for 2024–2028; the 2024–2025 

component of each forecast was then compared 

against the actual values subsequently published in 

the WDI database (Table 7, Figure 4). The results 

show a large post-reform forecast error across all 

three approaches: all three models substantially over-

predicted GDP per capita for both years. 

ARIMA(2,1,2) forecast US$2,055.3 for 2024 against 

an actual outturn of US$1,084.2 (absolute percentage 

error, APE, of 89.6%) and US$2,286.8 for 2025 

against an actual US$1,224.3 (APE 86.8%). 

ETS(A,N,N), whose forecast is by construction flat at 

the last observed level, projected US$2,138.8 for 

both years (APE 97.3% and 74.7%, respectively). the 

Prophet-style trend model, whose piecewise trend 

had already begun to flatten in response to the 2020–

2023 deceleration, produced the smallest, though still 

very large, errors: US$1,670.5 for 2024 (APE 54.1%) 

and US$1,712.4 for 2025 (APE 39.9%). 
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Table 7. Ex-Ante Forecasts versus Realised Outturn, 2024–2025 (Models Estimated through 2023) 

Model 2024 forecast 2024 actual 
2024 APE 

(%) 
2025 forecast 2025 actual 

2025 APE 

(%) 

ARIMA(2,1,2) US$2,055.3 US$1,084.2 89.6 US$2,286.8 US$1,224.3 86.8 

ETS(A,N,N) US$2,138.8 US$1,084.2 97.3 US$2,138.8 US$1,224.3 74.7 

Prophet-style 

trend 
US$1,670.5 US$1,084.2 54.1 US$1,712.4 US$1,224.3 39.9 

 

Note. Actual values from World Bank World Development Indicators (World Bank, 2026). APE = absolute 

percentage error. 

 

 
Figure 4. Ex-ante forecasts for 2024–2028 versus realised 2024–2025 outturn (models estimated through 

2023). 

 

Two results merit emphasis. First, the 

ranking of models by robustness to the regime shift 

(the Prophet-style trend model best, ARIMA second, 

ETS worst) is not identical to the ranking by in-

regime holdout accuracy (the Prophet-style trend 

model best on MAE/MAPE, ARIMA best on 

RMSE/MASE, ETS worst on both) the two rankings 

agree only in placing ETS last, and the Prophet-style 

trend model's relatively better performance under the 

break appears to owe less to any special 

generalisation ability than to its trend having already 

been decelerating going into 2023, which happened, 

in this instance, to more closely anticipate the 

direction (though not the magnitude) of the 

subsequent collapse. Second, and more 

fundamentally, even the best-performing model (the 

Prophet-style trend model) produced errors of 40–

54%  an order of magnitude larger than any model's 

in-regime holdout error underscoring that no 

univariate extrapolative technique, however well 

specified, can be expected to anticipate a discrete, 

policy-determined regime change of this kind.  

 

V. Discussion of Findings 
5.1 Findings 

The results paint a consistent picture across 

two distinct evaluation regimes. Under stable, in-

regime conditions (the 2016–2023 holdout, which, 

notwithstanding Nigeria's 2016 recession, did not 

involve a currency-regime change), all three models 

achieved broadly comparable, moderately accurate 

forecasts, with MAPEs clustered between 14.9% and 

19.2%. This suggests that, for short- to medium-

horizon forecasting of Nigeria's GDP per capita 

under "normal" (if still volatile, oil-price-driven) 

conditions, the choice among ARIMA, ETS, and the 

Prophet-style trend model is of second-order 

importance relative to the more fundamental fact that 
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all three can achieve reasonably serviceable accuracy 

when the underlying data-generating process is not 

itself shifting. Where the three models did 

differentiate meaningfully from one another was in 

the type of error each made: ARIMA's forecasts were 

the most stable and lowest-RMSE, avoiding large 

individual misses at the cost of a somewhat higher 

average error; ETS's forecasts were the least accurate 

because its selected specification, simple exponential 

smoothing with α ≈ 1, essentially repeats the last 

observed value indefinitely and therefore captures no 

trend whatsoever a specification that performed 

poorly precisely because Nigeria's GDP per capita, 

being difference-stationary with a generally rising 

drift (Section 4.2), is not well approximated by a no-

trend random-walk forecast over an eight-year 

horizon; and the Prophet-style trend model's forecasts 

benefited from its explicit, data-driven trend 

decomposition, allowing it to track the post-2016 

recovery more closely than ETS's flat profile, at the 

cost of somewhat larger occasional misses (reflected 

in its higher RMSE despite its lower MAE). 

The second, and more consequential, 

finding is the near-uniform forecast failure of all 

three models when confronted with the exchange-rate 

regime change that began in June 2023. This is not, 

in this study's interpretation, a failure of model 

specification in any of the three cases  the ARIMA 

model, in particular, passed its Ljung-Box and 

Jarque-Bera diagnostics comfortably  but rather a 

demonstration of a regime-related limitation rather 

than a failure of conditional-mean specification 

common to all purely extrapolative univariate 

techniques: none can, by construction, anticipate a 

discrete policy decision (in this case, the Central 

Bank of Nigeria's unification and float of the naira 

exchange rate in June 2023) whose timing and 

magnitude are determined by considerations entirely 

outside the historical time series itself. 

 

5.2 Comparison with Previous Studies 

The in-regime finding that ARIMA 

outperforms exponential smoothing is consistent 

with Erkekoglu et al. (2020), who found ARIMA 

superior to exponential smoothing (and to VAR) 

across three macroeconomic series for Turkey on 

RMSE, MAE, and MAPE, and is broadly consistent 

with Adebayo et al. (2025), who found a well-

specified seasonal ARIMA model outperforming the 

Prophet-style trend model for U.S. Personal 

Consumption Expenditures. The present study's 

finding that The Prophet-style trend model achieved 

the lowest MAE and MAPE, while ARIMA achieved 

the lowest RMSE, nuances rather than contradicts 

this pattern: it suggests that ARIMA's advantage over 

more automated alternatives, documented in prior 

monthly/quarterly, high-frequency applications, may 

be less pronounced  or may manifest differently 

across accuracy measures in an annual, lower-

frequency macroeconomic context such as this one, 

where the Prophet-style trend model's flexible 

piecewise-linear trend has fewer historical 

observations from which to over-fit spurious 

changepoints, but also fewer observations from 

which to learn a stable autoregressive error structure 

of the kind ARIMA exploits. 

The finding that all three models 

catastrophically over-predicted the post-reform 

2024–2025 outturn parallels the pattern documented 

for U.S. GDP forecasting around the COVID-19 

shock, where an exponential-smoothing model was 

found to substantially under-predict GDP as the 

pandemic disrupted the historical growth pattern the 

model had been trained on (Hisam et al. (2026)). 

Read together, the Nigerian exchange-rate reform 

episode documented here and the COVID-19 GDP 

episode documented elsewhere constitute two 

independent illustrations of the same general 

proposition: univariate extrapolative forecasts are 

systematically fragile around discrete, exogenous 

shocks, regardless of whether the specific technique 

used is ARIMA, ETS, or the Prophet-style trend 

model, and regardless of whether the shock is a 

public-health emergency or a monetary-policy 

decision. 

None of the Nigerian ARIMA-GDP studies 

reviewed in Section 2.3 (Ugoh et al., 2021; Yahaya et 

al., 2020) subjected their models to an equivalent 

post-reform stress test, having been conducted before 

the 2023 exchange-rate reform occurred; the present 

study's holdout-only accuracy figures (ARIMA 

MAPE of 17.8%) are broadly in the same range as, if 

somewhat higher than, the very low error rates 

Yahaya et al. (2020) report for aggregate GDP 

(Theil's U of 0.022)  a difference plausibly 

attributable to this study modelling the more 

currency-sensitive GDP-per-capita measure, over a 

holdout period that happened to include Nigeria's 

2016 recession, rather than to any difference in 

modelling rigor. 

 

5.3 Relation to the Underlying Theory 

The empirical finding that Nigeria's GDP 

per capita is I(1) non-stationary in levels, stationary 

after first differencing is directly consistent with the 

Nelson and Plosser (1982) difference-stationary 

characterisation of macroeconomic aggregates 

discussed in Section 2.2, and carries a specific 

theoretical implication for interpreting the 2023–

2025 forecast failure: under a difference-stationary 

representation, shocks to the level of GDP per capita 

are, in principle, permanent rather than transitory, so 
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a model cannot be faulted, in a strict statistical sense, 

for extrapolating the pre-2023 trend forward, since 

nothing in the pre-2023 data generating process 

signalled that a policy-induced permanent level shift 

of this magnitude was imminent. This is precisely the 

theoretical vulnerability the Wold-decomposition-

based ARIMA framework shares with the 

innovations-state-space ETS framework and with the 

Prophet-style trend model’s regularised changepoint 

formulation: all three are, at their core, sophisticated 

methods for extrapolating the statistical regularities 

embedded in historical data, and none incorporates 

any structural, policy, or institutional information 

about future discrete interventions. This is not a flaw 

specific to any one of the three techniques compared 

here, but an inherent property of the broader class of 

univariate, purely data-driven time series models to 

which all three belong. 

 

5.4 Policy and Practical Implications 

Three practical implications follow.  

First, for routine, short-horizon fiscal and 

budgetary forecasting under stable policy conditions, 

this study's results support the continued use of 

ARIMA or the Prophet-style trend models for 

Nigeria's GDP per capita, with ARIMA offering 

somewhat more stable (lower-RMSE) forecasts and 

the Prophet-style trend model offering somewhat 

lower average (MAE/MAPE) error and easier 

automated implementation; simple exponential 

smoothing, at least in the form selected here, is not 

recommended given its comparatively weak 

performance on all four accuracy measures.  

Second, and more importantly, forecasting 

agencies  including Nigeria's National Bureau of 

Statistics, the Central Bank of Nigeria, and the 

Federal Ministry of Finance, Budget and National 

Planning, along with international partners such as 

the World Bank and IMF should treat purely 

statistical univariate forecasts as a baseline to be 

explicitly overridden by judgemental scenario 

analysis whenever a discrete policy change (an 

exchange-rate regime shift, a major fiscal reform, a 

fuel-subsidy removal) is anticipated or has recently 

occurred, rather than relying on automated 

extrapolation through such episodes.  

Third, because dollar-denominated GDP per 

capita is mechanically sensitive to exchange-rate 

movements in a way that naira-denominated 

(constant local-currency-unit) GDP per capita is not, 

policy audiences interpreting Nigeria's post-2023 

GDP-per-capita figures should be explicit about 

which measure current US-dollar or constant-naira is 

being used, since a large part of the 2023–2025 

"decline" documented in this study reflects currency 

revaluation rather than a commensurate collapse in 

real, naira-denominated output or living standards. 

 

VI. Conclusion 
This study set out to forecast Nigeria's GDP 

per capita using ARIMA, ETS, and the Prophet-style 

trend models and to comparatively evaluate their 

forecasting accuracy. Using annual World 

Development Indicators data for 1960–2025, the 

series was shown to be non-stationary in levels but 

stationary after first differencing, I(1), consistent 

with the difference-stationary characterisation of 

macroeconomic aggregates established in the 

theoretical literature. An ARIMA(2,1,2) 

specification, selected by AIC and BIC and validated 

by Ljung-Box and Jarque-Bera diagnostics, a simple 

exponential smoothing ETS(A,N,N) specification, 

and the Prophet-style trend model with a piecewise-

linear trend with eight data-selected changepoints 

were each estimated on a 1960–2015 training 

window and evaluated on a 2016–2023 holdout 

sample. The Prophet-style trend model achieved the 

lowest mean absolute error and mean absolute 

percentage error, ARIMA achieved the lowest root 

mean squared error and mean absolute scaled error, 

and simple exponential smoothing was the least 

accurate model on every measure considered. When 

re-estimated on the full 1960–2023 sample and used 

to generate genuine ex-ante forecasts for 2024–2025, 

however, all three models substantially over-

predicted the actual, subsequently realised GDP per 

capita, with absolute percentage errors ranging from 

39.9% to 97.3%, consistent with the large exchange-

rate adjustment associated with the June 2023 reform. 

The central conclusion of this study is therefore two-

fold: under stable policy conditions, all three 

univariate techniques offer serviceable, broadly 

comparable forecasting accuracy for Nigeria's GDP 

per capita, with modest differences in which specific 

accuracy measure each technique optimises; but all 

three, being purely extrapolative, are structurally 

incapable of anticipating discrete, policy-driven 

regime shifts, and their forecasts should be 

interpreted and used accordingly. 

 

VII. Recommendations 
Based on the findings, the following specific, 

actionable recommendations are offered: 

i. Adopt the Prophet-style trend model or 

ARIMA, not simple exponential smoothing, 

as the default univariate technique for short-

horizon (one- to three-year) forecasting of 

Nigeria's GDP per capita under stable policy 

conditions; agencies prioritising the lowest 

average error should favour the Prophet-

style trend model, while agencies 
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prioritising protection against occasional 

large misses should favour ARIMA(2,1,2) 

or a similarly diagnosed low-order ARIMA 

specification. 

ii. Institutionalise a judgemental override 

protocol within Nigeria's National Bureau 

of Statistics and Central Bank forecasting 

units, whereby automated univariate 

forecasts are flagged for mandatory analyst 

review and scenario adjustment whenever a 

discrete exchange-rate, fiscal, or subsidy-

policy change has occurred or is formally 

anticipated within the forecast horizon, 

rather than being published or used for 

budgeting unmodified. 

iii. Report and budget against constant local-

currency-unit (naira) GDP per capita 

alongside the current-US-dollar figure, 

since the latter is mechanically distorted by 

exchange-rate movements in a way that can 

materially misstate the direction and 

magnitude of change in Nigerians' real, 

naira-denominated living standards, 

particularly around exchange-rate regime 

changes such as that of June 2023. 

iv. Re-estimate forecasting models promptly 

after major regime shifts, using only post-

reform data (or an explicitly modelled 

intervention/dummy-variable adjustment) 

rather than continuing to extrapolate from a 

pre-break training sample, since this study 

shows that models trained before the reform 

can remain badly miscalibrated for at least 

two years after a break of the magnitude 

experienced in 2023. 

v. Combine automated statistical forecasts 

with qualitative early-warning indicators — 

for example, parallel-market exchange-rate 

premia, external reserve trends, and 

announced monetary-policy reform 

timetables — as leading signals that a 

regime shift may be imminent, given that 

none of the three purely statistical models 

evaluated here contained any mechanism for 

incorporating such information. 

 

VIII. Study Limitations 
This study is subject to several limitations: 

First, data availability: the WDI series, 

while internationally comparable, reflects periodic 

historical revisions and rebasing exercises (Nigeria's 

national accounts were rebased in 2014 and again in 

2025), which can introduce discontinuities not 

attributable to genuine economic change and which 

are not separately modelled here. 

Second, methodological constraints: 

because the computing environment used for this 

study lacked internet access to install standard 

statistical software packages, all three models were 

implemented from first principles in 

NumPy/SciPy/scikit-learn rather than using 

established packaged implementations (e.g., R's 

`forecast`/`prophet` packages or Python's 

`statsmodels`/`pmdarima`/`prophet` packages); 

while the estimators used follow the algorithmic 

descriptions in the original methodological sources as 

closely as practicable, minor numerical differences 

from packaged implementations cannot be entirely 

ruled out, and the Prophet-style trend model's original 

formulation additionally uses full Bayesian (Stan-

based) posterior estimation rather than the L1-

regularised point-estimation approach used here.  

Third, the study is univariate: no exogenous 

regressors (oil prices, exchange-rate indices, 

population growth) were incorporated, so the models 

cannot, and were never expected to, explain why 

GDP per capita moved as it did, only to extrapolate 

its own historical pattern — a design choice 

appropriate to the study's comparative-forecasting 

aim but one that limits explanatory, as opposed to 

purely predictive, inference. Fourth, generalisability: 

results are specific to Nigeria's GDP-per-capita series 

and its particular volatility and history of regime 

shifts; the relative ranking of ARIMA, ETS, and the 

Prophet-style trend model documented here should 

not be assumed to transfer automatically to other 

Nigerian macroeconomic series, to other countries, or 

to higher-frequency data, where prior studies 

(Adebayo et al., 2025; Erkekoglu et al., 2020) have 

sometimes found different rankings. Fifth, the 

holdout and validation samples are short (eight and 

two years, respectively), which is appropriate given 

the annual frequency of the data but limits the 

statistical power of the accuracy comparisons and 

means that the reported accuracy rankings, 

particularly the differences between the Prophet-style 

trend model and ARIMA, should be interpreted with 

due caution rather than as definitive. 

 

IX. Suggestions for Future Research 
Future studies could usefully extend this work in 

several directions.  

Researchers with access to full statistical software 

implementations (R's `forecast` and `prophet` 

packages, or Python's `statsmodels` and `prophet` 

packages) could replicate this comparison to verify 

whether the accuracy rankings reported here are 

sensitive to estimator implementation. 

Future work could extend the univariate comparison 

to multivariate alternatives vector autoregression 

(VAR), ARIMAX with oil-price and exchange-rate 
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regressors, or structural time series models with 

explicit intervention dummies for the 2023 

devaluation to assess whether incorporating 

exogenous information materially improves post-

break forecast accuracy relative to the purely 

univariate models compared here.  

Given this study's finding that all three univariate 

models failed comparably around the 2023 regime 

shift, future research could explicitly evaluate 

change-point-detection and regime-switching models 

(e.g., Markov-switching or Bayesian regime shift 

models) designed specifically to detect and adapt to 

discrete regime shifts more rapidly than the fixed-

parameter models used here.  

Future studies could extend the comparison to 

machine-learning and hybrid forecasting techniques 

(e.g., LSTM neural networks, gradient-boosted trees, 

or ARIMA-neural-network hybrids), following the 

hybrid-modelling literature noted in Section 2.3, to 

assess whether such methods offer material accuracy 

gains over the classical techniques compared here for 

Nigeria's GDP per capita specifically.  

Finally, given this study's finding that current-US-

dollar and (by implication) constant-local currency-

unit GDP per capita can tell materially different 

stories around exchange-rate regime changes, future 

research could usefully conduct a parallel forecasting 

comparison using Nigeria's GDP per capita in 

constant naira terms, to isolate the real-output 

component of the series from the currency-valuation 

component analysed here. 

Data availability. The series analysed in this study 

are publicly available from the World Bank World 

Development Indicators database under indicator 

code NY.GDP.PCAP.CD. The reported 2024 and 

2025 values used for the post-reform stress test are 

also available in the current WDI DataBank release. 
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