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Abstract

Machine learning portfolio systems encode the statistical assumptions of the markets they
were trained on. Deploying such systems on the Nigerian Stock Exchange (ngx) without
first characterising that market is methodologically indefensible, yet the ngx is almost
entirely absent from the empirical ML-finance literature. This paper fills that gap. Using
daily OHLCV data on 22 ngx stocks from 2015–2025, we document five structural features
of the market. All 22 stocks reject normality under the Jarque–Bera test; median excess
kurtosis is 4.79 and 19 of 22 stocks are positively skewed. Mean annualised volatility
is 43.3%, with GARCH(1,1) persistence (α + β) exceeding 0.90 in 12 stocks and a cross-
sectional median of 0.912. The average pairwise return correlation is 0.109, far below typical
developed-market levels with a dense banking-sector cluster as the only dominant structure.
Liquidity risk operates through volume episodicity rather than zero-volume illiquidity: only
7 zero-volume days occur across the entire dataset, yet the mean volume coefficient of
variation is 1.85. At the index level, the ngx composite returns a Sharpe ratio of 1.40 over
the sample period, nearly double that of the S&P 500 (0.71) at comparable volatility, though
nominal Naira figures are materially affected by the 2023–2024 devaluation episode. Each
finding is translated into a concrete design requirement for the two-stage Graph Neural
Network and Reinforcement Learning portfolio framework that constitutes the broader
research programme of which this characterisation is the empirical foundation.
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1. Introduction

Classical mean-variance optimisation (Markowitz, 1952) encodes two assumptions that are
particularly fragile in emerging markets: that return distributions are sufficiently normal
for variance to serve as an adequate risk summary, and that covariance estimates are stable
enough to be trusted as inputs to an optimisation routine. In developed markets these
assumptions, while imperfect, are workable. In sub-Saharan African markets they routinely
fail in ways that are financially consequential (Bekaert et al., 2023), and any machine
learning model that inherits them will fail in the same direction.

The Nigerian Stock Exchange (ngx), formally rebranded to NGX Group in 2021, is the
largest stock exchange in West Africa and the second-largest in Africa by market capitali-
sation. It is also almost entirely absent from the ML-finance literature. Published work on
ML applications to African markets concentrates overwhelmingly on South African data or
treats the continent as a homogeneous frontier (Adeabah et al., 2023; Naeem et al., 2024);
Nigeria-specific portfolio research barely exists. This is not merely a gap in coverage, it is
a practical problem. A two-stage GNN–RL portfolio system (Huang et al., 2024; Wu et al.,
2021; Liang et al., 2024; Jiang and Liang, 2024) designed for the ngx cannot be responsibly
built without first knowing what kind of market it is being asked to operate in. The viability
of RL-driven approaches in frontier and emerging market contexts has been demonstrated
(Ngo et al., 2023), and hybrid GNN–RL architectures have shown strong results on major ex-
changes (Sun et al., 2024), but both require careful calibration of market assumptions that
the present paper provides. Digital infrastructure constraints across Sub-Saharan Africa
(Kouladoum et al., 2022) further motivate the need for ngx-specific empirical grounding
before any such system can be responsibly deployed. Distribution shape, volatility persis-
tence, liquidity structure, and correlation architecture are not implementation details; they
determine which design choices are valid and which will fail out-of-sample.

This paper provides that foundation. It is the empirical answer to Research Question 4
of a broader PhD programme on ML-enhanced portfolio optimisation for the ngx:

What are the unique characteristics of the Nigerian stock market in terms of return dis-
tributions, volatility dynamics, liquidity, and correlation structure that require specialised
portfolio optimisation approaches?

We use daily OHLCV data for 22 ngx stocks from 2015–2025, a sample that spans six
sectors and covers the COVID-19 shock, the 2023–2024 Naira devaluation, and the subse-
quent partial recovery. The analysis is five-dimensional distributional properties, GARCH
volatility dynamics, liquidity structure, pairwise correlations, and weak-form efficiency, and
each finding is connected explicitly to a design requirement for the GNN–RL system under
development. To our knowledge, this is the first study to characterise the ngx across all
five dimensions simultaneously using a decade of data.

2. Related Work

Return distributions in emerging markets deviate consistently from the normality assump-
tions underlying classical portfolio theory. Bekaert et al. (2023) document excess kurtosis,
time-varying skewness, and regime-dependent volatility across emerging economies, render-
ing mean-variance optimisation unreliable as a standalone framework. For Nigeria, Adigwe
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et al. (2015) show strong sensitivity of ngx returns to oil prices, while Kumeka et al. (2022)
find that Naira-USD exchange rate volatility exerts a material, time-varying influence at
the stock level. Neither effect has a close counterpart in currency-stable developed markets
nor is captured by models calibrated on US or European data.

Volatility persistence in frontier and emerging markets is systematically higher than in
developed counterparts. GARCH-class models remain the standard for capturing condi-
tional heteroscedasticity (Bollerslev, 2001), and Aawaar and Tewari (2023) report persis-
tence parameters approaching unity in several African markets, consistent with slow mean
reversion of conditional variance. This has direct portfolio implications: estimates that
decay quickly after shocks, the developed-market norm will understate post-shock risk. On
liquidity, the view that zero-volume days are the primary constraint (Bekaert et al., 2007)
is challenged by Ngene et al. (2022), who show that extreme volume variability, rather than
trading absence, is the operative risk, with implications for strategies requiring regular
rebalancing.

Correlation structure and market efficiency complete the picture. Bekaert et al. (2023)
show that within-market correlations in emerging economies differ structurally from de-
veloped markets, while Emenike (2021) find low cross-stock correlations in West Africa,
consistent with segmentation from global factors and implying diversification opportunities
not predicted by standard models. Weak-form efficiency evidence is mixed: price series
broadly follow a random walk in levels, but short-horizon autocorrelations in daily returns
persist (Ferrouhi, 2021), leaving scope for ML models to extract predictive signal beyond
classical technical analysis.

3. Data and Methodology

3.1. Dataset

The dataset comprises daily OHLCV data for 22 ngx equities from 2 January 2015 to
31 December 2025, yielding approximately 2,520 trading days per stock across six sectors.
Data were sourced from the NGX official portal and cross-validated against Investing.com.
All prices are adjusted for corporate actions. Gaps of three or fewer days were filled by
linear interpolation; stocks below 95% completeness were excluded. Table 1 reports the full
universe.

Selecting the most liquid and data-complete stocks introduces liquidity and survivorship
bias: the universe overrepresents operationally stable firms and does not fully capture the
statistical properties of the broader NGX listing. This is intentional. The objective is to
characterise the investable universe available to a Nigerian institutional investor, not the
entire market, and findings should be interpreted accordingly.

Linear interpolation is not without risk in thin markets, where missing observations
may reflect absent price discovery rather than data error; smoothing can dampen measured
volatility and distort GARCH persistence. In practice, the exposure is negligible: only
seven zero-volume observations exist two for PRESCO and five for SEPLAT with no gap
longer than one day, affecting at most 0.002% of observations used in estimation.
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Table 1: The 22-stock ngx research universe. Ann. return = r̄ × 252; Ann. vol = σ̂
√
252;

computed from daily log returns. TRANSCO and UCAP are extreme outliers
discussed in Section 4.

Ticker Sector Ret (%) Vol (%) Skew Kurt

DANGCEM Industrials 16.3 33.1 0.20 9.78
DANGSUG Consumer Goods 32.1 46.7 0.34 3.45
ETI Financial Svcs 18.9 46.1 0.08 3.35
FCMB Financial Svcs 27.5 51.0 0.32 1.62
FIDELIT Financial Svcs 34.7 48.7 0.14 2.86
FIRSTHOLD Financial Svcs 27.6 48.8 0.41 2.55
GTCO Financial Svcs 18.8 37.2 0.05 4.79
GUINNES Consumer Goods 16.3 43.4 0.31 5.25
IBTC Financial Svcs 19.5 39.1 0.11 5.81
INTBREW Consumer Goods 9.9 53.5 0.26 2.24
NB Consumer Goods 3.4 41.3 0.29 4.62
NESTLE Consumer Goods 11.1 31.1 0.55 11.41
OKOMUOI Agriculture 42.6 39.1 0.74 6.90
PRESCO Agriculture 45.8 38.9 0.57 5.98
SEPLAT Oil & Gas 32.7 35.8 0.71 10.26
STERLINGNG Financial Svcs 22.5 50.3 0.24 1.91
TOTAL Oil & Gas 19.5 34.7 0.53 8.44
TRANSCO† Conglomerate 78.8 150.6 28.2 968.4
UBA Financial Svcs 30.6 43.9 -0.01 4.53
UCAP† Financial Svcs 38.3 52.6 -3.27 64.4
WAPCO Industrials 20.4 54.5 0.12 3.10
ZENITHB Financial Svcs 19.1 39.0 -0.28 7.30

Mean (excl. †) 24.2 43.3 0.25 5.25
† Extreme outlier; treated separately throughout.

3.2. Analytical Methods

Five analytical layers are applied. Return distributions: daily log returns rt = ln(Pt/Pt−1);
skewness, excess kurtosis, and the Jarque–Bera statistic

JB =
n

6

(
S2 +

(K − 3)2

4

)
∼ χ2(2) (1)

where S is sample skewness and K is sample kurtosis; and 1-day 95% VaR and CVaR under
historical simulation. Volatility dynamics: GARCH(1,1) estimated for each stock,

σ2
t = ω + αε2t−1 + βσ2

t−1 (2)

with α+β as the persistence summary. A uniform specification is used across all 22 stocks to
keep persistence estimates directly comparable and to avoid the data-mining risk inherent
in searching each series for its preferred model. The leverage-effect literature formalised
by Nelson (1991) and Glosten et al. (1993) and applied specifically to the ngx by Adams
et al. (2024), raises a legitimate case for asymmetric specifications such as EGARCH and
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GJR-GARCH; we treat that as a direction for the full model development phase rather
than a deficiency of the present cross-sectional analysis. Liquidity: We measure (i) the
zero-volume rate and (ii) the coefficient of variation of daily volume, CVi = σvol,i/µvol,i,
which captures episodic trading activity. Correlation structure: the full 22×22 Pearson
correlation matrix of daily log returns; distributional statistics across all 231 unique off-
diagonal pairs. Market efficiency: Augmented Dickey–Fuller tests on price levels; lag-1
return autocorrelation for serial dependence.

4. Return Distribution Analysis

The Jarque–Bera test rejects normality for all 22 stocks: 18 yield p ≈ 0 to machine precision,
while the remaining four (FCMB, FIDELIT, FIRSTHOLD, INTBREW) have p < 10−74.
Excluding TRANSCO, the cross-sectional median excess kurtosis is 4.79, with ten stocks
above 5.0.

Two stocks require separate treatment. TRANSCO shows kurtosis of 968.4 and skewness
of 28.25, consistent with a few catastrophic price moves beyond standard distributions;
its GARCH persistence equals 1.000, indicating a unit root in variance. UCAP records
kurtosis of 64.4 and skewness of −3.27, strongly negative in a universe where 19 of 22
stocks lean right. Its persistence of 0.378, the lowest by a wide margin, suggests isolated
price dislocations rather than structural volatility clustering. Both would be excluded from
the investable universe by ML screening filters.

Among the remaining 20 stocks, 19 exhibit positive skewness, opposite to developed
markets where negative skewness dominates and in contrast to both the S&P 500 and
MSCI EM(Table 6). The strongest right-tail asymmetry appears in OKOMUOI (0.74),
SEPLAT (0.71), and PRESCO (0.57). For the RL portfolio agent, symmetric variance-
based loss functions are therefore mis-specified; reward functions should penalise CVaR and
maximum drawdown rather than variance.

Table 2 reports 1-day 95% VaR and CVaR. The CVaR–VaR spread exceeds 200 bps
across all stocks; the widest gaps; UCAP (316 bps), INTBREW (283 bps), and WAPCO
(250 bps), indicate that realised losses can far exceed the 5th-percentile threshold. Models
relying only on VaR will understate tail risk in ngx equities.

Table 2: 1-day 95% VaR and CVaR under historical simulation. The CVaR–VaR spread
measures severity of losses beyond the VaR threshold.

Stock VaR CVaR Stock VaR CVaR Stock VaR CVaR

NESTLE −2.7% −5.0% ETI −4.8% −7.2% NB −4.3% −6.4%
DANGCEM −2.9% −5.5% FIDELIT −4.7% −6.6% STERLINGNG −4.7% −7.0%
GTCO −3.4% −5.6% FIRSTHOLD −4.8% −6.8% FCMB −4.9% −6.9%
OKOMUOI −4.0% −5.9% GUINNES −4.6% −6.9% UCAP −4.4% −7.6%
PRESCO −3.8% −5.8% WAPCO −6.1% −8.6% INTBREW −5.1% −7.9%
DANGSUG −4.7% −6.8% SEPLAT −2.7% −5.8% TRANSCO −5.3% −8.2%
ETI −4.8% −7.2% TOTAL −3.7% −5.5%
FIDELIT −4.7% −6.6% ZENITHB −3.5% −5.8%
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5. Volatility Dynamics

Excluding TRANSCO (annualised vol 150.6%), mean annualised volatility across the uni-
verse is 43.3%, ranging from 31.1% (NESTLE) to 54.5% (WAPCO). The ngx composite
records 19.0% over the same period, roughly half the individual stock average confirming
that substantial idiosyncratic risk partially diversifies at the index level. Figure 5 illustrates
volatility clustering for six stocks spanning the persistence spectrum across five major event
windows.

Table 3 reports GARCH(1,1) estimates. Engle and Kelly (2023) show that major macro
shocks transmit volatility internationally, a channel relevant for an oil-dependent economy
where global commodity prices amplify domestic equity risk. Three findings emerge. First,
12 of 22 stocks exhibit α+β > 0.90, DANGSUG, ETI, FIDELIT, FIRSTHOLD, GTCO, NB,
STERLINGNG, TOTAL, TRANSCO, UBA, WAPCO, and ZENITHB, with FIRSTHOLD
reaching 0.947, implying a volatility shock half-life exceeding 12 trading days. Second,
the median persistence of 0.912 (excluding TRANSCO and UCAP) exceeds the 0.80–0.85
range reported for US stocks (Aawaar and Tewari, 2023; Bollerslev, 2001); the mean of
0.836 lies at the upper bound. Persistence in the ngx is thus materially higher volatility
is both elevated and slower to mean-revert. Third, UCAP’s persistence of 0.378, alongside
kurtosis of 64.4, indicates isolated price dislocations rather than sustained clustering, in
contrast to TRANSCO’s unit-root variance process implying structural instability. Static
covariance matrices will therefore be biased during and after high-volatility regimes; the RL
agent’s state vector should include time-varying volatility features rolling realised variance
and GARCH-implied conditional variance to support dynamic position sizing.
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Figure 1: GARCH(1,1) conditional annualised volatility for six ngx stocks (2015–2025),
contrasting high (α + β > 0.90) and low (α + β < 0.70) persistence. Thick lines
show 63-day means, thin lines daily series, dashed lines unconditional means;
shaded regions denote major market events.

Table 3: GARCH(1,1) parameter estimates. α+ β values in bold exceed 0.90.

Stock ω × 104 α β α+ β Stock ω × 104 α β α+ β

DANGCEM 14.82 0.197 0.471 0.668 NESTLE 11.87 0.098 0.595 0.694
DANGSUG 5.82 0.106 0.827 0.932 OKOMUOI 13.37 0.180 0.616 0.796
ETI 6.80 0.099 0.818 0.917 PRESCO 15.34 0.190 0.573 0.763
FCMB 13.62 0.220 0.659 0.879 SEPLAT 14.43 0.107 0.608 0.715
FIDELIT 7.09 0.175 0.761 0.935 STERLINGNG 8.25 0.182 0.736 0.918
FIRSTHOLD 6.08 0.200 0.746 0.947 TOTAL 4.46 0.122 0.793 0.915
GTCO 4.02 0.169 0.767 0.936 TRANSCO† 53.39 0.111 0.889 1.000
GUINNES 11.10 0.138 0.716 0.854 UBA 7.40 0.244 0.684 0.928
IBTC 11.14 0.106 0.711 0.817 UCAP 71.15 0.197 0.181 0.378
INTBREW 27.50 0.151 0.604 0.755 WAPCO 2.73 0.078 0.897 0.975
NB 5.60 0.091 0.826 0.917 ZENITHB 6.30 0.221 0.688 0.909

Mean (excl. †): 0.836
† Unit root in variance; see text.

6. Liquidity Structure

The received assumption that zero-trading days constitute the binding liquidity constraint
for African equity portfolios does not hold for this universe. Only seven zero-volume days
occur across all 22 stocks over the full decade, two for PRESCO (0.074%) and five for
SEPLAT (0.186%) with every other stock recording positive volume on every available
trading day. The operative risk is not absence of trading but its irregularity.

Volume episodicity infrequent bursts of institutional-scale activity interspersed with ex-
tended low-turnover periods is captured jointly by the coefficient of variation (CV) and
the median-to-mean volume ratio. A high CV signals an irregular volume distribution; a
median-to-mean ratio far below unity confirms that the mean is pulled upward by the minor-
ity of high-activity sessions rather than reflecting a typical trading day. Table 4 documents
both metrics across the universe.

The cross-sectional mean CV of 1.85 indicates that the volume standard deviation ex-
ceeds the mean by a factor approaching two. Three stocks; UCAP (CV 3.55), TRANSCO
(3.45), FIDELIT (3.43), are so dominated by episodic activity that the mean volume figure
is practically uninformative. NB and DANGSUG are the starkest cases on the median-to-
mean dimension: their median trading days record only 4.2% and 5.8% of their respective
means, meaning a typical session for these stocks bears almost no resemblance to the aver-
age. Nine stocks in total fall below a median/mean ratio of 0.30. For the RL portfolio agent,
this sets a hard constraint on rebalancing frequency: stocks with ratios this low cannot re-
liably absorb institutional block trades daily without material market impact. The action
space must target weekly or monthly rebalancing intervals, and transaction cost penalties
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in the reward function must be calibrated to realistic ngx market impact rather than the
near-zero friction that models trained on S&P 500-level liquidity assume.

Table 4: Liquidity metrics. High CV and low Med/Mean ratio indicate episodic, burst-like
trading driven by institutional order flow.

Stock Avg Vol (M) Median (M) Med/Mean CV

NB 215.5 12.5 0.058 1.351
DANGSUG 214.8 9.1 0.042 1.362
ETI 210.6 68.6 0.325 1.293
GUINNES 203.2 118.9 0.585 1.111
DANGCEM 200.5 88.5 0.441 1.250
IBTC 198.7 91.4 0.460 1.263
WAPCO 197.4 8.0 0.041 1.466
INTBREW 178.9 36.2 0.202 1.434
PRESCO 143.9 63.3 0.440 1.369
OKOMUOI 133.8 68.4 0.511 1.305
NESTLE 119.8 49.9 0.417 1.425
STERLINGNG 88.1 6.5 0.073 2.356
SEPLAT 82.7 17.8 0.215 1.897
TOTAL 73.7 28.8 0.391 1.662
FCMB 67.3 8.6 0.127 2.607
UCAP 47.5 5.1 0.107 3.553
TRANSCO 36.2 8.8 0.241 3.448
FIDELIT 33.0 9.9 0.301 3.426
FIRSTHOLD 28.9 12.7 0.440 2.401
ZENITHB 26.5 17.4 0.658 1.429
UBA 26.5 15.5 0.586 1.890
GTCO 22.1 14.7 0.662 1.282

Mean 118.7 1.845

7. Correlation Structure

The 22×22 correlation matrix yields 231 unique off-diagonal pairs. As Table 5 and Figure 2
show, the structure is sparse: the mean pairwise correlation is 0.109 well below the 0.25–
0.35 range typical of S&P 500 constituents under normal conditions and 62 pairs (26.8%)
fall below 0.05. Only 5.2% of pairs exceed 0.30. Measured across a decade that includes the
COVID-19 shock, an average this low confirms that idiosyncratic risk dominates systematic
risk in this universe.
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Table 5: Pairwise return correlation statistics across 231 unique off-diagonal pairs, 22-stock
ngx universe.

Statistic Value

Mean pairwise correlation 0.109
Median pairwise correlation 0.084
Std of correlations 0.092
Minimum (NESTLE–TRANSCO) −0.041
Maximum (GTCO–ZENITHB) +0.581
Pairs with ρ > 0.30 12 of 231 (5.2%)
Pairs with ρ > 0.40 2 of 231 (0.9%)
Pairs with ρ < 0.05 62 of 231 (26.8%)

Despite the low average, a clear structure is present. All ten highest-correlation pairs
are banking stocks:

Pair Sector relationship ρ

GTCO – ZENITHB Tier 1 banking peers 0.581
UBA – ZENITHB Tier 1 banking peers 0.501
FIRSTHOLD – UBA Large-cap banking 0.397
GTCO – UBA Tier 1 banking peers 0.393
FIDELIT – UBA Banking sector 0.365
FIRSTHOLD – ZENITHB Banking sector 0.350
FIDELIT – ZENITHB Banking sector 0.332
FCMB – FIDELIT Mid-tier banking peers 0.332
FCMB – ZENITHB Banking sector 0.313
FCMB – FIRSTHOLD Banking sector 0.310

The six-stock banking cluster; FCMB, FIDELIT, FIRSTHOLD, GTCO, UBA, ZENITHB
is the only dense region in an otherwise sparse matrix. Agricultural stocks are near-
isolated: OKOMUOI’s highest correlation with any banking stock is 0.087. SEPLAT shows
15 of its 21 off-diagonal pairs below 0.05. The sole negative entry, NESTLE–TRANSCO
(ρ = −0.041), is small enough to be non-significant in finite samples. For the GNN pre-
selection module, a correlation threshold of ρ ≈ 0.30 for the adjacency matrix captures
the genuine banking cluster while discarding the noise-dominated periphery. The clus-
ter also provides a ground-truth validation target: a well-trained GNN should recover it
endogenously in its learned attention weights, giving the inter-stock representations an in-
terpretable financial anchor.
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Figure 2: Pairwise return correlation matrix for the 22-stock ngx universe (2015–2025),
sorted by sector. Values annotated for pairs exceeding ρ = 0.25. The banking-
sector cluster (top-left block) is the dominant structural feature; FCMB, FI-
DELIT, FIRSTHOLD, GTCO, UBA, and ZENITHB show correlations from 0.31
to 0.58 while the remainder of the matrix is largely sparse.

8. Market Efficiency

ADF tests on price levels yield p-values from 0.465 (NB) to 1.000 (OKOMUOI): every stock
fails to reject the unit root null at any conventional significance level, confirming I(1) prices
consistent with weak-form efficiency in levels. Returns, however, are not entirely serially
independent. The cross-sectional mean lag-1 autocorrelation is +0.032 (standard deviation
0.083), and eight stocks exceed |ρ̂1| > 0.10:
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Stock ρ̂1 Direction

ZENITHB +0.158 Momentum
FIRSTHOLD +0.156 Momentum
GUINNES +0.150 Momentum
WAPCO −0.154 Reversal
DANGSUG +0.108 Momentum
NB +0.107 Momentum
GTCO +0.101 Momentum
SEPLAT +0.100 Momentum

Seven of the eight show positive momentum autocorrelation. The exception is WAPCO
(−0.154), whose reversal pattern is consistent with bid-ask bounce or microstructure noise
in a stock whose median/mean volume ratio of 0.041 signals highly sporadic trading. The
autocorrelations are modest in magnitude but their presence across 8 of 22 stocks is con-
sistent with the partial predictability documented for other thin African equity markets
(Ferrouhi, 2021), and leaves open a channel for short-horizon linear signal. For the GNN
pre-selection module this means return history features lagged returns and rolling momen-
tum signals belong in the node-level feature set alongside technical indicators, not just
graph-level inter-stock dependencies. The seven momentum stocks are natural candidates
for trend-following inputs; WAPCO’s reversal pattern warrants a mean-reversion feature
specifically calibrated to its volume episodicity.

9. International Benchmark Comparison

Table 6: International benchmark comparison over 2015–2025. Returns and volatility are
annualised; Sharpe ratio uses a 0% risk-free rate for cross-market comparability.
All ngx figures are in nominal Naira terms.∗

Market Ret (%) Vol (%) Sharpe Skew Kurt

NGX (Composite)∗ 26.5 19.0 1.40 +1.62 18.65
S&P 500 12.6 17.9 0.71 −0.36 15.10
MSCI EM 7.5 20.4 0.37 −0.50 7.90

∗Naira devaluation caveat : The Naira depreciated sharply against the US Dollar during 2023–
2024 following removal of the CBN exchange rate peg, falling from approximately $1 = £480 to
£1,500 at peak dislocation. Nominal Naira-denominated returns are inflated relative to USD-
equivalent figures for this sub-period; the Sharpe ratio advantage would be substantially reduced
on a currency-adjusted basis. The composite result nonetheless characterises the return envi-
ronment faced by a domestic Nigerian investor on its own terms.

The ngx composite delivers the highest annualised return (26.5%) and Sharpe ratio
(1.40) of the three indices nearly twice the S&P 500 (0.71) and almost four times MSCI EM
(0.37) at comparable volatility (19.0% versus 17.9% and 20.4%). It also exhibits positive
skewness (+1.62) where both benchmarks are negatively skewed, a distributional asymmetry
that favours the market on tail-risk grounds. Composite kurtosis (18.65) remains above both
benchmarks despite index-level diversification, which reflects the fat-tailed individual stock
distributions documented in Section 4.
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Two caveats apply. The composite Sharpe ratio of 1.40 partly reflects diversification
mechanics: mean stock-level volatility is 43.3% against an index volatility of 19.0%, and in-
dividual Sharpe ratios range from 0.08 (NB) to 1.18 (PRESCO) with a cross-sectional mean
of 0.57. Additionally, the 2023–2024 Naira devaluation inflated terminal nominal returns
materially; a rolling Sharpe analysis reserved for the full research paper is needed to estab-
lish whether the composite advantage holds consistently across the decade or concentrates
in the post-devaluation recovery window.

10. Implications for ML Portfolio Design

The five findings map to five design requirements for the two-stage GNN–RL framework
(Huang et al., 2024), summarised here in consolidated form.

Downside-sensitive reward functions. Median excess kurtosis of 4.79 and CVaR–
VaR spreads exceeding 200 bps universally rule out Gaussian-based optimisation objectives.
The RL agent’s reward function (Liang et al., 2024; Jiang and Liang, 2024) must penalise
drawdown and CVaR rather than symmetric variance.

Adaptive volatility features. With median GARCH persistence at 0.912, static co-
variance estimates are systematically biased during regime transitions. The RL state space
must include rolling realised variance and GARCH-implied conditional variance, consistent
with the advantage that adaptive RL agents hold over static optimisers in non-stationary
frontier environments (Ngo et al., 2023).

Constrained rebalancing frequency. Nine stocks with median/mean volume below
0.30 cannot absorb institutional block trades daily. The action space must target weekly or
monthly intervals with transaction cost penalties calibrated to ngx market impact rather
than the near-zero friction embedded in S&P 500-trained models.

GNN attention over raw correlation. With 5.2% of pairs exceeding ρ = 0.30, the
market offers no single-block systematic structure for a correlation-only model to exploit.
The GNN attention mechanism (Wu et al., 2021; Sun et al., 2024) learns inter-stock rele-
vance weights from the data, making it well-suited to extract signal from a sparse matrix.
The banking cluster serves as a ground-truth validation target for the learned attention
weights.

Hard exclusion filters for structural outliers. TRANSCO (persistence 1.000, kur-
tosis 968.4) and UCAP (kurtosis 64.4) cannot be modelled by any standard distribution and
will destabilise training if retained. Volatility persistence thresholds and kurtosis screens
must act as hard gates before any model sees the data.

11. Conclusion

The Nigerian Stock Exchange has five structural properties that collectively disqualify
generic ML portfolio models trained on developed-market data: universal non-normality
with positive skewness and fat tails; high and persistent conditional volatility (mean 43.3%
annualised, median GARCH persistence 0.912); liquidity risk that operates through volume
episodicity rather than zero-volume absence; a sparse correlation matrix (ρ̄ = 0.109) with a
single dominant banking-sector cluster; and risk-adjusted composite returns that compare
favourably with global benchmarks on nominal terms, subject to the Naira devaluation
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caveat of Section 9. Two stocks; TRANSCO and UCAP, are structural outliers that require
hard exclusion filters before any model is trained.

These are not incidental data characteristics. Each one determines whether a specific
modelling choice is valid or will fail out-of-sample. The GNN–RL framework being de-
veloped as the next stage of this research programme is designed with each constraint
in mind: downside-sensitive reward functions, adaptive volatility state features, weekly-
to-monthly rebalancing constraints, attention-based graph construction calibrated to the
sparse correlation structure, and statistical screening gates at the data ingestion layer. This
characterisation is the empirical contract that the model must honour.

Three extensions are planned: asymmetric GARCH specifications (EGARCH, GJR-
GARCH) to test for leverage effects given the prevalent positive skewness; dynamic condi-
tional correlation estimation for time-varying covariance inputs; and cross-market validation
on the Johannesburg Stock Exchange to assess how much of what we find here is Nigeria-
specific and how much generalises across the continent.

Data Availability Statement

The daily OHLCV data for the 22 ngx constituent stocks analysed in this study were ob-
tained from the Nigerian Stock Exchange (NGX) official data portal (https://ngxgroup.
com) and cross-validated against Investing.com (https://www.investing.com). Macroe-
conomic series (exchange rates, monetary policy rates, consumer price index) were sourced
from the Central Bank of Nigeria (https://www.cbn.gov.ng) and the Nigerian Bureau of
Statistics (https://www.nigerianstat.gov.ng). All source data are publicly accessible
through the cited portals under their respective terms of use.

The cleaned dataset, computed features, and analysis code (Python, using pandas,
arch, scipy, and statsmodels) used to produce all tables and statistics reported in this
paper are available in the supplementary materials submitted alongside this manuscript. A
permanent repository link will be provided upon acceptance of the full doctoral research
paper of which this study forms the empirical foundation.
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