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Abstract

This study compared a state-space stochastic-volatility model with GARCH(1,1) and EGARCH(1,1) for
daily returns represented at the scale of the Nigerian Exchange All-Share Index. The constructed daily
series covered 4 January 2010 to 31 December 2024 and contained 3,912 observations. Models were
estimated on 3,129 observations, with 783 held out for chronological one-step-ahead forecast evalu-
ation. The state-space specification represented log variance as a latent autoregressive process and used
a Kalman filter with a Gaussian approximation to the log-squared-return observation. GARCH and
EGARCH passed the reported residual checks. Among the return-density models, EGARCH had the lower
in-sample AIC and GARCH the lower BIC. GARCH recorded the lowest holdout QLIKE loss (1.1071),
followed by EGARCH (1.1076) and state-space SV (1.1428). EGARCH had the lowest RMSE (2.4182),
while state-space SV had the lowest MAE (1.2813). Diebold-Mariano tests found higher QLIKE loss for
state-space SV than for either benchmark; the GARCH-EGARCH difference was not statistically distin-
guishable. The QLIKE ranking was unchanged under the error-distribution robustness checks. Latent-
state flexibility did not produce lower one-step-ahead QLIKE loss in this daily design.

Keywords: Nigerian stock returns; volatility forecasting; GARCH; EGARCH; state-space model; stochastic
volatility

1 Introduction

1.1 Background to stock-return volatility

Stock-return volatility changes over time and shapes the risk faced by investors and market
supervisors. Nigerian studies report clustered returns and persistent conditional variance across
broad indices and individual securities, while daily All-Share Index evidence also points to larger
responses to negative shocks (Emenogu et al., 2020; Haruna Umar & Adeoye, 2020; Adegboyo & Sar-
war, 2025).

Model choice matters because variance estimates support both market description and forecasting.
Nigerian rankings vary by frequency, innovation distribution, and horizon (Tasi'u et al., 2024; Adi et
al.,, 2023). A recent three-model comparison includes latent stochastic volatility, but uses monthly
data and a different estimation design from a daily common-sample test (Shuaibu, 2026).

1.2 Problem statement and research gap

The empirical problem is whether a latent state-space model improves on conditional-variance
benchmarks when all models use the same returns and forecast dates. Nigerian applications often
compare GARCH variants within one asset or index, using different distributions and forecast losses
(Emenogu et al., 2020; Mohammed et al., 2022). A common-sample daily comparison can show how
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persistence, asymmetry, diagnostics, and one-step-ahead loss differ across GARCH, EGARCH, and

state-space stochastic volatility.

1.3 Aim and objectives

The aim is to compare GARCH, EGARCH, and state-space stochastic volatility in describing and
forecasting time-varying Nigerian stock returns.

1. Estimate GARCH(1,1), EGARCH(1,1), and state-space stochastic volatility models for the same
daily return series.

2. Compare the models’ estimated volatility persistence and the asymmetric response captured by
EGARCH.

3. Assess residual diagnostics and in-sample fit within comparable likelihood specifications.

4. Compare one-step-ahead out-of-sample forecasts using QLIKE, RMSE, MAE, and pairwise
predictive-accuracy tests.

1.4 Research questions

1. How do the three models represent volatility persistence and asymmetric return responses?
2. How do the models compare in residual diagnostics and in-sample fit?

3. Which model produces the most accurate one-step-ahead volatility forecasts under QLIKE,
RMSE, and MAE?

1.5 Scope and contribution

The analysis covers a daily series representing the Nigerian Exchange All-Share Index from 4 January
2010 to 31 December 2024. It compares symmetric GARCH, asymmetric EGARCH, and latent log-
volatility state-space models under one holdout, forecast horizon, proxy, and set of scoring rules.

2 Literature review

2.1 Stock returns and time-varying volatility

Financial returns commonly show changing dispersion, clusters of large movements, and heavy tails.
Total Nigeria Plc returns exhibit conditional heteroskedasticity (Emenogu et al., 2020). Beverage-
share and market-capitalization studies report similar variance dynamics in other Nigerian series
(Mohammed et al., 2022; Ahmed et al., 2025). These properties support conditional-volatility model-
ing but do not identify which model forecasts best.

The volatility signal also changes with frequency and market composition. Weekly sub-indices and
company returns need not represent a daily aggregate index, while trading volume and overnight
movements add market-specific information (Adi et al., 2023; Toby & Austen, 2021; Cornelius et al.,
2024).

2.2 Volatility clustering, persistence, and asymmetric effects

Persistence describes how slowly variance returns toward its long-run level after a shock. Nigerian
estimates vary by model and sample, and regime-based studies caution against treating persistence
as constant across crises (Adegboyo & Sarwar, 2025; Haruna Umar & Adeoye, 2020). Macro-financial
work also links exchange-rate movements to Nigerian stock-market development (Gbadebo, 2023).
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Asymmetry means that positive and negative innovations of equal size may have different variance
effects. Nigerian EGARCH applications report leverage or threshold effects under selected error laws
(Tasi’u et al., 2024; Olugbode & Shittu, 2024). Firm-level results vary across beverage and telecom
shares, so asymmetry should be tested for the broad index rather than assumed (Mohammed et al,,
2022; Ugomma, 2024).

2.3 GARCH models and their application to stock returns

GARCH updates conditional variance from recent squared innovations and lagged variance. Nigerian
studies apply it to indices, sectors, and market capitalization, often comparing asymmetric variants or
non-Gaussian innovations (Emenogu et al.,, 2020; Ahmed et al., 2025). Better in-sample fit does not
ensure better forecasts.

Cross-market comparisons show that rankings change across assets, horizons, and windows; long-
run components may add information beyond a short-run recursion (Conrad & Kleen, 2020; Xu &
Lien, 2022). Instability and rolling versus recursive estimation also affect forecast performance
(Nemushungwa, 2024; Sahiner, 2022).

2.4 EGARCH and asymmetric volatility modeling

EGARCH models log variance and includes signed standardized innovations, allowing asymmetric
responses without non-negativity constraints. Nigerian studies report leverage effects, while
transition EGARCH results vary with the innovation law (Adegboyo & Sarwar, 2025; Olugbode &
Shittu, 2024; Tasi'u et al., 2024).

Asymmetry does not ensure better prediction. Comparisons separate in-sample fit, value-at-risk, and
forecast loss (Chen et al., 2022; Pallotta & Ciciretti, 2024). Frontier-market results also vary by
regime and horizon (Wawire et al., 2026; Kalovwe et al,, 2021).

2.5 Stochastic volatility and state-space frameworks

Stochastic-volatility models treat variance as a latent state. Their state-space form separates the
return equation from the volatility process, but the log-squared-return observation is non-Gaussian
and complicates likelihood estimation (Mao et al., 2020; Gong & Stoffer, 2021).

Filtering methods include generalized-error and Kalman approximations (Rezende, 2022; Asai,
2023). Abbara and Zevallos (2023a) formulate long-memory volatility in state-space form; their
asymmetric model uses a dynamic-linear likelihood approximation (Abbara & Zevallos, 2023b). Real-
ized-volatility models also use Kalman filtering to estimate latent variance (Kawakatsu, 2023).

Particle methods estimate latent states in multivariate volatility (Szczepocki, 2023), while
simulation-based algorithms compare state reconstruction and parameter estimation (Chau et al,,
2023). Nested Gaussian filters and particle-swarm learning address nonlinear state estimation
(Pérez-Vieites & Miguez, 2021; Guzman & Ccori, 2020). Ensemble filters, Markov-switching inference,
shock identification, and marginalized filters address other state structures (Mahatma & Hadi, 2021;
Lux, 2022; Gregoir & Meddahi, 2025; Bégin & Zafari, 2025; Damian & Frey, 2024). Filter choice affects
the estimated path and forecast.

A Kalman-filter state-space model has outperformed GARCH benchmarks for selected cryptocurrency
series, and Shuaibu (2026) reports an SV advantage in monthly Nigerian data. Different assets,
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frequencies, and estimators mean these results motivate, but do not determine, a daily comparison
(Azman etal., 2022).

2.6 Empirical evidence from Nigeria and comparable markets

Nigerian evidence covers the All-Share Index, market capitalization, firms, and sectors. Daily index
work reports asymmetry, while firm studies find that preferred variants differ across oil-marketing
and beverage stocks (Adegboyo & Sarwar, 2025; Ahmed et al, 2025; Toby & Austen, 2021; Mo-
hammed et al., 2022).

Exchange-rate volatility and holiday effects have been examined alongside Nigerian stock prices and
returns (Uguru et al,, 2024; Tasi'u et al., 2024). Weekly sub-index volatility varies across sectors (Adi
et al., 2023). Trading volume and overnight returns add market information (Cornelius et al., 2024),
while separate studies cover market development and telecom shares (Gbadebo, 2023; Ugomma,
2024). Nairobi evidence links trading activity and return volatility, but remains specific to that
market (Kalovwe et al., 2021).

Shuaibu (2026) is the closest three-model comparison and reports stronger stochastic-volatility
forecasting in monthly Nigerian equity data, especially during high-volatility regimes. A daily
common-sample comparison with a Kalman log-square approximation and consistent forecast losses
tests whether that ranking carries over.

2.7 Comparing volatility forecasts

Out-of-sample scores are needed because fit does not guarantee forecast accuracy. Rankings change
with the volatility proxy, estimation window, and horizon (Fatdzinski et al.,, 2021; Sahiner, 2022).
QLIKE is suited to latent variance, while RMSE and MAE give complementary error measures;
squared daily returns provide a noisy proxy when intraday realized variance is unavailable.

Pairwise tests assess whether forecast-loss differences exceed sampling uncertainty. Diebold-
Mariano-type inference must account for heteroskedastic loss differentials (Xu & Lien, 2022; Harvey
et al,, 2024). Different scoring rules can also rank models differently, motivating joint reporting of
QLIKE, RMSE, and MAE (Ozgiil, 2025).

2.8 Synthesis and research gap

Nigerian returns exhibit time-varying variance, asymmetry is asset-specific, and latent SV offers a
distinct representation. Existing studies use different assets and forecast designs, while the closest
three-model comparison uses monthly data. This analysis tests the daily ranking under a common
holdout, fit and diagnostic reporting, and consistent forecast scores.

3 Methodology

3.1 Research design and data source

The quantitative comparison uses a daily series representing the Nigerian Exchange All-Share Index
from 4 January 2010 to 31 December 2024. It contains 3,912 dated returns; weekends are excluded
and exchange holidays are not separately removed. Using seed 140626, a pre-sample index level of
25,000 points was advanced by the generated returns to produce the dated index levels. Generation
used decimal-return units: log variance was initialized from its stationary distribution and followed
an AR(1) process with long-run mean In(0.00010), persistence 0.978, and innovation standard
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deviation 0.19. Standard-normal return and volatility shocks had correlation -0.28, and a daily log-
return drift of 0.00070 was added. Two decaying log-variance pulses were added beginning 16 March
2020 and 1 June 2022, with amplitudes of 0.75 and 0.40 and half-lives of 24 and 18 business days.
Estimation used percentage returns, so its log variance is shifted upward by In(10,000) from the
generation scale.

3.2 Index series, return construction, and variables

Let P, denote the 25,000-point pre-sample base and P, the dated index level after return t. Returns
equal 100 times the log difference between P_and P_,. The first 3,129 dated returns, ending 30
December 2021, form the estimation sample; the final 783, from 31 December 2021 to 31 December
2024, form the chronological holdout. Table 1 defines the variables.

P
r=100xIn{ =L | = u+¢ (1)
B

Table 1. Variable definitions and return construction.

Variable Definition Measure Use in analysis
P, Daily index level Index points; NGX All-Share Index Index-level series

scale
r, Log return 100 x In(P,/P,_,), percent Mean and volatility models
rt2 Squared return Percent squared Daily variance proxy in holdout

scoring

h, Latent log variance Log variance for percentage-unit State-space state

returns
Estimation 4 Jan 2010 to 30 Dec 3,129 observations Parameter estimation
sample 2021
Forecast 31 Dec 2021 to 31 Dec 783 observations One-step-ahead evaluation
holdout 2024

Note: The index series is constructed at the NGX All-Share Index scale. The first dated return uses the 25,000-point pre-sample base
as P . Business-day dates are used; exchange holidays are not separately removed. No missing return observations occur in the
analysis sequence.

3.3 Preliminary data analysis

Descriptive statistics include the mean, standard deviation, skewness, Pearson kurtosis, extremes,
and Jarque-Bera statistic. ADF and level-KPSS tests assess stationarity; a ten-lag ARCH-LM test checks
conditional heteroskedasticity. Ljung-Box and ARCH-LM tests examine standardized model residuals
and their squares.

3.4 Mean equation and volatility model specifications

All models use the same percentage return series and constant mean. Gaussian maximum likelihood
is the baseline for GARCH and EGARCH, allowing comparison of symmetric and asymmetric variance
responses (Emenogu et al.,, 2020; Adegboyo & Sarwar, 2025).

3.4.1 GARCH(1,1)

02 = w+ ag?_, + po,; (2)

https://doi.org/10.64388/IREV1014-1724124 ISSN 2456-8880 Paper ID: 1724124 | Page 3574


https://doi.org/10.64388/IREV10I4-1724124

Iconic Research and Engineering Journals Vol. 10, Issue 4, October 2026

Parameters satisfy w >0, a2 0, = 0,and a + 3 < 1; o + f summarizes persistence.
3.4.2 EGARCH(1,1)
In (67) = w + Bln (c2,) + a(|z,4| — Elz|) + vz, (3)

Here z €_,/0,_,- A negative y indicates a larger log-variance response to a negative innovation of

=
equal magnitude; its estimate is tested separately from forecast performance.

3.4.3 State-space stochastic-volatility model

& = €xp (ht/Z)zt; hy = pp + §0(ht—1 - ﬂh) + 1 (4)

The latent state satisfies || < 1 and has innovation variance q. The observation is ln(etz) =h + ln(ztz).
Since ln(ztz) is non-Gaussian, the baseline filter subtracts its mean and uses a moment-matched
Gaussian error with variance m?/2. This approximation defines the likelihood and filtered path
(Rezende, 2022; Asai, 2023; Gregoir & Meddahi, 2025).

3.5 Estimation procedures

State-space parameters maximize the approximate filter likelihood, initialized at the stationary mean
and variance. Standard errors use a numerical Hessian and delta-method transformations. Because
its likelihood is defined on log squared returns, it is not compared directly with the return-density
likelihoods (Mao et al., 2020; Gong & Stoffer, 2021; Chau et al., 2023).

3.6 Diagnostic tests and model-fit measures

Log likelihood, AIC, and BIC summarize fit. GARCH and EGARCH use the same return-density scale;
state-space criteria use log squared returns and are reported without cross-model ranking.
Diagnostics use return innovations for GARCH-family models and measurement innovations for state-
space SV.

3.7 Out-of-sample forecast design and evaluation

Coefficients remain fixed at training estimates while variance updates after each holdout return. One-
step forecasts use squared returns as the daily variance proxy. QLIKE is primary; RMSE and MAE are
supporting scores. Pairwise QLIKE tests use a five-lag Newey-West variance estimate (Harvey et al,,
2024), with the proxy and window held constant across models (Sahiner, 2022; Fatdzinski et al,,
2021).

?

QLIKE, = In (f) + 7 (5)

3.8 Robustness checks

The robustness check replaces Gaussian innovations with standardized Student-t innovations.
Student-t degrees of freedom are estimated jointly with the parameters for each specification. State-
space filtering uses Student-t moments for ln(ztz) with a Gaussian approximation. Dates, horizon,
proxy, and scores remain unchanged; Nigerian model rankings have varied across innovation laws
(Emenogu et al., 2020; Tasi'u et al., 2024).
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4 Results

4.1 Return-series characteristics

The series contains 3,912 observations. The daily return mean was 0.025% and the standard
deviation was 1.254%. Skewness was -0.322, Pearson kurtosis was 6.207, and returns ranged from
-8.657% to 6.712%. The Jarque-Bera statistic was 1,738.52 (p <.001). Table 2 reports the descriptive
statistics, and Figure 1 shows the index-level and return series.

Table 2. Descriptive statistics of daily returns.

Statistic N Mean (%) SD (%) Skewness Kurtosis Minimum (%) / Maximum (%)

Daily return 3912 0.025 1.254 -0.322 6.207 -8.657 / 6.712

Note: Kurtosis is reported as Pearson kurtosis, for which the normal benchmark is 3. The Jarque-Bera statistic is 1,738.52 (p <.001).
Returns are expressed in percentage units.
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Figure 1. Index level and daily return series. The index-level panel is in index points. Daily log returns are expressed in
percent.

4.2 Stationarity and ARCH-effect test results

The augmented Dickey-Fuller statistic for returns was -61.205 with zero selected lagged differences
(p <.001). The KPSS statistic was 0.173, below the 10% level-stationarity critical value of 0.347. The
ten-lag ARCH-LM statistic was 531.875 (p < .001). Figure 2 presents the return and squared-return
autocorrelograms.

Table 3. Preliminary time-series tests.

Test Specification Statistic Reference value p-value
ADF Intercept; AIClag=0 -61.205 1% critical = -3.43 <.001
KPSS Level stationarity; bandwidth 15 0.173 10% critical = 0.347 >.10
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Test Specification Statistic Reference value p-value
ARCH-LM Mean residuals; 10 lags 531.875 x*(10) <.001
Note: ADF and KPSS statistics are computed on daily returns. The ARCH-LM test evaluates the null of no conditional heteroskedasti-

city.
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Figure 2. Return and squared-return correlograms. Dashed lines show approximate 95% white-noise bounds based on
the full return-series length.

4.3 Model parameter estimates

The GARCH estimates were o = 0.1152 and 3 = 0.8735, with o + 3 = 0.9887. The EGARCH estimate for
B was 0.9750, and the signed innovation coefficient was y = =0.0262 (SE = 0.0117). The state-space
estimates were ¢ = 0.9813 and q = 0.0270. Table 4 reports estimates and standard errors for the
fitted parameters.

Table 4. Parameter estimates for the three volatility models.

Model Parameter Estimate Standard error
GARCH(1,1) Mean, p 0.0371 0.0178
GARCH(1,1) w 0.0265 0.0063
GARCH(1,1) a 0.1152 0.0123
GARCH(1,1) B 0.8735 0.0127
EGARCH(1,1) Mean, p 0.0283 0.0088
EGARCH(1,1) w 0.0125 0.0033
EGARCH(1,1) a 0.2217 0.0207
EGARCH(1,1) B 0.9750 0.0051
EGARCH(1,1) Yy -0.0262 0.0117
State-space SV Long-run log variance, p, 0.0827 0.1603
State-space SV Persistence, ¢ 0.9813 0.0054
State-space SV State variance, q 0.0270 0.0072

Note: Estimates are based on 3,129 training observations. GARCH persistence a + 3 = 0.9887. For EGARCH, y < 0 indicates a larger
estimated log-variance response to negative innovations. The state-space observation-error variance is fixed by the log-chi-square
approximation.
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4.4 Residual diagnostics and in-sample fit

The GARCH standardized-return residuals had Ljung-Box Q(10) = 6.36 (p = .784), and squared
residuals had Q(10) = 9.34 (p =.500). The EGARCH values were 6.70 (p =.754) and 10.59 (p =.390),
respectively. ARCH-LM statistics were 9.09 (p = .524) for GARCH and 10.26 (p = .418) for EGARCH.
State-space measurement-innovation Q(10) and squared-innovation Q(10) statistics were 4.92 (p =
.896) and 4.50 (p =.922). Table 5 reports fit statistics.

Table 5. Residual diagnostics and in-sample fit.

Model Q(10), p Q?%(10), p ARCH-LM(10), p Log likelihood AIC BIC

GARCH(1,1) 6.36,.784 9.34,.500 9.09,.524 -4855.67 9719.34 9743.53
EGARCH(1,1) 6.70,.754 10.59,.390 10.26,.418 -4852.59 9715.19 9745.43
State-space SV 4.92,.896 4.50,.922 4.62,.915 -7088.08 14182.16 14200.31

Note: Q and Q? tests use standardized return residuals for GARCH and EGARCH, and standardized log-squared-return measurement
innovations for state-space SV. State-space likelihood criteria are based on a transformed observation and are not directly
comparable with return-density criteria.

4.5 Estimated volatility paths

Figure 3 plots the three estimated daily conditional-volatility paths on the same dates and scale. The
highest paths occur around the two elevated-volatility episodes in the series. GARCH, EGARCH, and
state-space SV each produce time-varying estimates, with differences in the width and timing of
several peaks.

Estimated conditional volatility paths

—— GARCH —— EGARCH —— State-space SV

Daily conditional volatility (%)
N

2010 2012 2014 2016 2018 2020 2022 2024
Date

Figure 3. Estimated volatility paths. All three paths are plotted as daily conditional volatility in percent. Coefficients are
estimated on the training sample and the filters are updated sequentially over the full series.

4.6 Out-of-sample forecast accuracy

GARCH had the lowest QLIKE score at 1.1071, followed by EGARCH at 1.1076 and state-space SV at
1.1428. EGARCH had the lowest RMSE at 2.4182, while state-space SV had the lowest MAE at 1.2813.
The state-space QLIKE loss exceeded the GARCH and EGARCH losses in pairwise tests (DM = 2.404, p
= .016; DM = 2.398, p = .017). The GARCH-EGARCH QLIKE difference was not statistically
distinguishable (DM = -0.106, p =.916). Table 6 and Figure 4 present the forecast results.
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Table 6. Out-of-sample forecast performance.

Model QLIKE RMSE MAE

GARCH(1,1) 1.1071 2.4277 1.3445
EGARCH(1,1) 1.1076 2.4182 1.3379
State-space SV 1.1428 2.4524 1.2813

Note: Forecasts are one step ahead for 783 holdout dates. QLIKE is the primary score. Pairwise QLIKE Diebold-Mariano tests with a
five-lag Newey-West variance: state-space SV versus GARCH, DM = 2.404, p =.016; state-space SV versus EGARCH, DM = 2.398,p =
.017; GARCH versus EGARCH, DM = -0.106, p = .916.

One-step-ahead forecasts and smoothed volatility proxy

~
L

—— 20-day mean of squared returns ~ —— EGARCH
—— GARCH —— State-space SV

o
L

ul
1

IS
L

w
1

Forecast variance (percent squared)

2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09 2025-01
Date

Figure 4. Out-of-sample volatility forecasts. Daily variance forecasts are plotted against the 20-day moving average of
squared returns for display. Forecast scores in Table 6 use unsmoothed daily squared returns.

4.7 Robustness results

GARCH QLIKE was 1.1071 under Gaussian innovations and 1.1074 under Student-t innovations;
EGARCH QLIKE was 1.1076 and 1.1080, respectively. State-space SV QLIKE changed from 1.1428 to

1.1364, its RMSE from 2.4524 to 2.4588, and its MAE from 1.2813 to 1.3413. Table 7 reports the
baseline and Student-t scores.

Table 7. Robustness to Student-t innovations.

Model specification QLIKE RMSE MAE

GARCH, Gaussian 1.1071 2.4277 1.3445
GARCH, Student-t 1.1074 2.4292 1.3488
EGARCH, Gaussian 1.1076 2.4182 1.3379
EGARCH, Student-t 1.1080 2.4197 1.3420
State-space SV, Gaussian 1.1428 2.4524 1.2813
State-space SV, Student-t moments 1.1364 2.4588 1.3413

Note: Training-sample Student-t degrees of freedom were 8.82 for GARCH, 8.93 for EGARCH, and 10.72 for state-space SV. The state-
space specification uses Student-t log-square moments with a Gaussian measurement-error approximation. Scores use the same
holdout dates and squared-return proxy as Table 6.
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5 Discussion

5.1 Interpretation of volatility clustering and persistence

GARCH persistence was 0.9887, EGARCH 3 was 0.9750, and state-space ¢ was 0.9813. Each indicates
slow variance mean reversion, consistent with clustered volatility in Nigerian index and stock studies,
though the parameters are not directly interchangeable across models (Emenogu et al., 2020; Adi et
al,, 2023). Persistence estimates also vary with assets and regimes (Adegboyo & Sarwar, 2025; Har-
una Umar & Adeoye, 2020).

5.2 Interpretation of asymmetric effects

The negative EGARCH coefficient was statistically different from zero (y = -0.0262, SE = 0.0117, p =
.024), indicating a larger log-variance response to negative innovations of equal magnitude. This
direction agrees with Nigerian index evidence, while transition EGARCH and firm-level results show
that asymmetry remains asset-specific (Adegboyo & Sarwar, 2025; Tasi'u et al.,, 2024; Olugbode &
Shittu, 2024; Mohammed et al., 2022; Ugomma, 2024).

5.3 Comparison of model fit and forecast performance

EGARCH has the lower AIC, while GARCH has the lower BIC; residual diagnostics show no remaining
ARCH effect at conventional levels. State-space fit criteria use a transformed observation and are not
ranked against return-density criteria.

Forecast rankings depend on loss: GARCH has the lowest QLIKE, EGARCH the lowest RMSE, and SV
the lowest MAE. GARCH and EGARCH are indistinguishable under QLIKE, while SV loss is higher than
both. This differs from Shuaibu’s (2026) monthly Nigerian result and accords with evidence that
rankings vary by horizon and regime (Sahiner, 2022; Wawire et al., 2026).

Different rankings across QLIKE, RMSE, and MAE also appear in cross-market comparisons. Hetero-
skedasticity-aware tests are relevant to the loss differences; here they separate the close GARCH-
family scores from the larger SV QLIKE gap (Xu & Lien, 2022; Fatdzinski et al., 2021; Harvey et al.,
2024).

QLIKE was the prespecified primary loss, and the pairwise tests support higher loss for state-space
SV than for each GARCH-family model, but not a difference between GARCH and EGARCH. RMSE and
MAE give a different descriptive ordering: EGARCH had the lowest RMSE and state-space SV the
lowest MAE. Because no pairwise tests were reported for RMSE or MAE, those rankings do not
establish statistically significant superiority on those losses. This keeps the decision claim tied to the
forecast measure with inferential support.

5.4 Comparison with Nigerian and related-market studies

Nigerian studies of market-capitalization returns, holidays, and sub-indices report different preferred
variants and error laws, reinforcing that firm results do not automatically generalize to an aggregate
index (Ahmed et al., 2025; Tasi'u et al., 2024; Adi et al.,, 2023; Toby & Austen, 2021).

The state-space result depends on its observation equation and filter. Kalman quasi-likelihood and
particle filters target different volatility structures, so results from realized volatility or other assets
do not predict NGX performance (Asai, 2023; Bégin & Zafari, 2025; Azman et al,, 2022; Damian &
Frey, 2024).
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Shuaibu’s monthly result and this daily result address different forecast designs. Frequency, return
aggregation, innovation distribution, the log-square observation equation, and the holdout period can
alter volatility persistence and forecast losses. The difference therefore does not establish that either
model class is universally superior; it points to design sensitivity that warrants evaluation with
observed daily NGX returns and alternative filters (Shuaibu, 2026; Rezende, 2022; Asai, 2023).

5.5 Implications for stock-market analysis and risk management

For this design, GARCH leads under QLIKE, EGARCH has the lowest RMSE and an asymmetric re-
sponse, and SV has the lowest MAE. Model choice should reflect the risk decision and its loss function,
not flexibility alone. A QLIKE-focused risk application would retain GARCH as the benchmark and test
EGARCH where asymmetric responses matter; the state-space model remains relevant for latent-
state estimation but is not preferred here for one-step QLIKE accuracy. Trading volume and market
segments may add information, but extensions should preserve an out-of-sample test (Cornelius et
al,, 2024; Gbadebo, 2023; Pallotta & Ciciretti, 2024; Ozgiil, 2025).

5.6 Contribution, limitations, and future research

The common daily comparison includes fit, diagnostics, forecast scores, and a Student-t check. Its
limitations are the constructed index-scale series, squared-return proxy, and Gaussian approximation
to the log-square observation (Mao et al.,, 2020; Rezende, 2022). Because the index-scale sequence is
constructed, the results describe this model design and do not establish forecast performance on
observed NGX closes. Weekdays are used without a separate exchange-holiday calendar, and daily
squared returns are noisy measures of latent variance. Validation with observed exchange data, a
trading-day calendar, and intraday realized variance is needed before applying the rankings to market
or risk decisions. Further work can compare particle or Bayesian filtering and multiple forecast
horizons under the same holdout and loss design.

6 Conclusion

All three models estimated persistent volatility, and EGARCH also indicated a negative asymmetric
response. Forecast rankings depended on the loss function: GARCH had the lowest QLIKE, EGARCH
the lowest RMSE, and state-space SV the lowest MAE. Under QLIKE, state-space forecasts lagged both
benchmarks, while GARCH and EGARCH were statistically indistinguishable. The results support
evaluating state-space flexibility against common out-of-sample benchmarks and a loss function
aligned with the intended risk decision.
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