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Abstract: To accurately predict the quality of wastewater generated by crude oil exploration activities, statisti-
cal models that capture multivariate interactions among co-varying parameters are required. Biochemical Oxygen
Demand (BOD), Chemical Oxygen Demand (COD), Dissolved Oxygen (DO), Temperature, pH, and Conductivity of
weekly produced water (260 readings over 5 years) from an oil flow station in Akwa Ibom State, Nigeria, were
modelled using Pearson correlation, Principal Component Analysis (PCA) with Varimax rotation, Hierarchical Ag-
glomerative Cluster Analysis (HACA), Multiple Linear Regression (MLR), and Vector Autoregression (VAR). Three
components explained 74.3% of total parameter variance: the Organic Load Component (PC1, 36.3%), the Oxygen-
Thermal Component (PC2, 23.2%), and the lonic-pH Component (PC3, 14.8%). BOD and COD showed strong pos-
itive correlation (r = 0.72, p < 0.001), as did DO and Temperature (r = -0.61, p < 0.001). MLR models yielded R?
values of 0.71 (COD predicted from BOD and DO; out-of-sample RMSE = 20.4 mg/L) and 0.58 (DO predicted from
Temperature and BOD; out-of-sample RMSE = 0.51 mg/L). VAR analysis identified BOD as a Granger-precedent pre-
dictor of COD at a two-week lag (F = 8.34, p = 0.003), and Temperature as a Granger-precedent predictor of DO (F =
11.62,p <0.001). These results reflect predictive associations in the time series and do not imply physical causation.
Cluster analysis delineated three quality regimes; none met Department of Petroleum Resources (DPR) discharge
limits for BOD or DO, confirming systemic non-compliance at the study site. The models generated offer a basis for
rapid characterisation of effluent quality and process control at Niger Delta flow stations.

Keywords: Effluent Quality; Multivariate Statistical Modelling; Principal Component Analysis; Process Control;
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1. Introduction

Produced water from crude oil and natural gas extraction represents the largest volume of liquid waste gen-
erated by the petroleum industry. On average, three barrels of produced water arise per barrel of oil produced
globally, and this volume typically increases with reservoir age [1,2]. The Niger Delta region of Nigeria is one of
the world’s most prolific crude oil zones; hundreds of flow stations serve as primary sites for crude oil and forma-
tion water separation. Releases of inadequately treated water into the fragile freshwater and estuarine ecosystems
of the Delta are well-documented sources of severe pollution, with extensive ecological and public health conse-
quences [3-5].

In Nigeria, produced water discharge is regulated by the Department of Petroleum Resources (DPR) Environ-
mental Guidelines and Standards for the Petroleum Industry in Nigeria (EGASPIN) [6] and the Federal Environmen-
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tal Protection Agency (FEPA) Effluent Limitation Regulations [7]. Numerical limits are prescribed for BOD, COD, DO,
Temperature, and pH; however, the majority of flow stations in the Niger Delta monitor each parameter against its
individual limit without assessing parameter interactions. The predictive information encoded in the multivariate
temporal behaviour of the parameter system is therefore not exploited for operational decision-making [8-10].

Water quality parameters of produced water are interconnected. DO is consumed in biochemical oxidation
of organic material; temperature affects both oxygen solubility and the rate of microbial reactions; conductivity
reflects formation water composition and residual chemical additives; pH governs the acid-base state of dissolved
compounds [9,10]. Changes in one parameter may propagate through the system with temporal delays—a dynamic
that univariate limit-checking cannot detect [11,12].

Multivariate statistical methods offer a principled framework for characterising such systems. Pearson corre-
lation provides an initial pairwise interdependence map [13]. PCA decomposes the variance-covariance structure
of the data into orthogonal components that may be associated with latent environmental processes [14-16]. MLR
enables prediction of difficult-to-measure parameters from readily obtainable surrogates [17,18]. Cluster analysis
groups monitoring observations into distinct quality regimes [19,20]. VAR models temporal dependence and, via
Granger causality analysis, assesses whether one variable contains predictive information about another beyond
its own history [21,22]. These methods have been applied collectively to petroleum-related water quality mon-
itoring [23-27], but systematic VAR-based dynamic modelling of produced water from onshore Niger Delta flow
stations remains absent from the literature.

Rationale and Study Need: The deterioration of freshwater and estuarine ecosystems in the Niger Delta due
to inadequately treated produced water discharge has significant consequences for biodiversity, fisheries, and the
health of communities dependent on these water bodies [3]. Yet, despite the availability of multivariate statistical
tools, produced water management at most Niger Delta flow stations relies on univariate compliance monitoring—a
paradigm demonstrably insufficient for capturing the dynamic interdependencies among quality parameters [4,26].
This study addresses that gap by applying five complementary statistical methods to five years of weekly monitor-
ing data. The practical benefit is direct: the resulting models enable flow station operators to estimate difficult-
to-measure parameters from simpler surrogates and to anticipate adverse quality changes before DPR limits are
breached, thereby supporting pre-emptive treatment decisions and reducing regulatory non-compliance.

Rationale for Model Selection: The five statistical models were selected to address the study objectives in a
complementary and progressive sequence. Pearson correlation (Model 1) provides the foundational pairwise in-
terdependence map, establishing which parameters co-vary and the strength of their associations. PCA (Model 2)
reduces the six-variable system to a smaller set of interpretable latent dimensions, identifying the major axes of
variance without imposing a predictive structure. HACA (Model 3) classifies the 260 temporal observations into
distinct quality regimes using an unsupervised approach—appropriate where the number of regimes is unknown
a priori. MLR (Model 4) converts the PCA-identified relationships into operational predictive equations with quan-
tified out-of-sample accuracy. VAR (Model 5) extends the analysis to the time-series domain: unlike cross-sectional
methods, VAR captures lagged predictive associations and quantifies how a change in one parameter propagates to
others across multiple weeks. Together, these models span cross-sectional, dimensional, classification, predictive,
and temporal-dynamic objectives. The variables modelled—BOD, COD, DO, Temperature, pH, and Conductivity—
were selected because they are the major parameters monitored weekly at the study site in compliance with DPR
EGASPIN requirements [6] and represent the core suite for characterising produced water quality in Nigerian reg-
ulatory practice.

The central hypothesis of this study is that the six monitored water quality parameters at the study flow station
constitute a dynamic, interdependent system whose temporal behaviour cannot be adequately characterised by
univariate threshold monitoring alone. The scope of generalisability of the findings is limited to the study site;
external validation across multiple sites is identified as a necessary direction for future research.

The study aims: (a) to characterise the pairwise correlation structure among the six produced water quality
parameters; (b) to identify principal components responsible for variance in the parameter system; (c) to develop
and validate MLR models for predicting key quality parameters; (d) to classify temporal quality regimes using hi-
erarchical cluster analysis; and (e) to model predictive temporal associations among parameters using VAR and
Granger causality analysis.
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2. Materials and Methods
2.1. Study Area and Data Collection

The study site is a crude oil flow station at Longitude 4°34.276' E and Latitude 8°25.557' N on the shores of
Akwa Ibom State in the Niger Delta, Nigeria. The climate is hot and humid, with average annual rainfall exceeding
2,500 mm. Produced water samples from the effluent discharge point were collected and analysed weekly by a
DPR-registered environmental consultancy. BOD5 was measured by the 5-day incubation method at 20 °C; COD by
the closed reflux titrimetric method; DO by the Winkler azide modification; Temperature with a calibrated mercury
thermometer at the point of sampling; pH with a calibrated portable meter; and Conductivity with a conductivity
meter, all following Standard Methods [28]. Weekly sampling from January 2007 to December 2011 yielded 260
observations.

2.2. Methodological Framework

The five statistical methods were selected to address the study objectives in a complementary and progressive
manner, as detailed in the Introduction. Pearson correlation provides a pairwise interdependence map. PCA re-
duces dimensionality and identifies latent drivers of variance. HACA classifies temporal quality regimes without
prior assumptions. MLR converts PCA-identified relationships into actionable predictive equations with out-of-
sample validation. VAR extends MLR to the time-series domain, quantifying lagged predictive associations.

2.3. Descriptive Statistics and Normality Testing

For each parameter, mean, median, standard deviation (SD), minimum, maximum, and coefficient of variation
(CV) were calculated.

SD
CV = == X 100% (1)

where p is the sample mean and SD is the sample standard deviation.
The Shapiro-Wilk W statistic [29] was used to evaluate normality.

2
a;x;
W= (D) l_) > (2)
2 (g —x;)
All data were standardised to z-scores prior to PCA and cluster analysis.
(x; — x;)
%ji = —sp (3)

]
2.4. Pearson Correlation Analysis

The Pearson product-moment correlation coefficient r (Equation (4)) and significance t-statistic (Equation
(5)) were calculated for each parameter pair at a = 0.05 and o = 0.01 with n — 2 degrees of freedom [13].

Y= i—y)

r= (4)
2 —\2
[E-"50-9
where x; and y; are pairs of observations and x and y are their means.
ry(m—2
t= ¥ (5)

V(A —72)

with n - 2 degrees of freedom, evaluated at the a = 0.05 and o = 0.01 levels.

2.5. Principal Component Analysis

PCA was performed on the standardised 260 x 6 data matrix. The Kaiser-Meyer-Olkin (KMO) measure [30]
(Equation (6)) and Bartlett’s test of sphericity [31] (Equation (7)) assessed factorability. Components with eigen-
values = 1 (Kaiser criterion, Equation (8)) were retained, confirmed by scree plot. Varimax rotation was applied
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(Equation (11)). PCA results are presented with an exploratory and descriptive interpretation; component labels
reflect observed loading patterns and do not constitute definitive identification of causal environmental processes.

Zziij i2j
ZZ#] LJ+ZZL¢]pU

where r;; are the coefficients of pairwise correlation and p;; are the coefficients of partial correlation. KMO 2 0.60
substantiates factorability

KMO =

(6)

nmn—-1)—-2p+5)
6

Where, n is number of samples, p number of variables, R the correlation matrix. In PCA, the solution for the
eigenvalue equation was found as:

XZ = X Ianl (7)

(R-ADv=0 (8)

Where R is p x p correlation matrix, A is an eigenvalue, I is the identity matrix and v is the corresponding
eigenvector. The proportion of the variance explained by component k was given by:

Ak
PVE, = — 9
p
The variable j’s commonality is:
W =) (10)

The Varimax rotation standard is:

2
Ly nZJ jk (21 Jk) ]
V= = (11
The component scores for each observation were calculated by :
Fye = Z,- ik Zij (12)

2.6. Multiple Linear Regression Models

MLR models for COD and DO were developed using the general form (Equation (13)), estimated by Ordi-
nary Least Squares (OLS) (Equations (14) and (15)). To assess predictive utility beyond the estimation sample
and guard against overfitting, a 70/30 training-testing split was implemented chronologically: the first 182 obser-
vations (2007-mid-2010) were used for model fitting and the remaining 78 observations (mid-2010-December
2011) held out for out-of-sample validation [18]. Chronological partitioning was chosen because the data are time-
ordered; random assignment would introduce temporal leakage whereby future observations inform the training
model, artificially inflating out-of-sample accuracy. Multicollinearity was assessed via the Variance Inflation Factor
(VIF, Equation (20)); residual autocorrelation via the Durbin-Watson statistic (Equation (21)).

The general MLR model is:

Y =PBo+Prxs + Poxa + o+ Brxp + € (13)

The OLS estimator reduces the sum of squares of the residuals:
RSS =) i =90% = 0= XBY O/ — XB) (14)

Giving the coefficient vector:
p=x"X)"'XTy (15)

The coefficient of determination was used to see how well the model fit:

Rro1 BSS_ EZ0i-9) 9.) (16)

TSS S(i-7)
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and the modified R?:
1-(1-R*)(n—-1)

R2,. = 17
adj (TL _ k _ 1) ( )
RMSE and MAE were used to measure how accurate the predictions were:
" N2
RMSE = w (18)
MAE = [ZK%—)’L‘N] (19)
n
The variance inflation factor was used to find multicollinearity:
VIF ! (20)
1T a2
(1-#7)
The Durbin-Watson statistic was used to measure residual autocorrelation:
2
i—o (6 —e;_
DW = 21_2( i . i 1) (21)
i€
The standardized regression coefficient (beta weight) was calculated by
. 5D;

2.7. Hierarchical Agglomerative Cluster Analysis

Ward’s minimum variance linkage criterion [32] was applied to the 260 standardised weekly observations
using squared Euclidean distance (Equation (23)). The optimal cluster number was selected by maximising the
Calinski-Harabasz pseudo-F index [33] (Equation (25)). Cluster membership was formally tested against meteo-
rological season (wet: June-November; dry: December-May) using a chi-square test of independence, providing
statistical support for the seasonal regime interpretation.

The squared Euclidean distance between observations i and j across all p variables were calculated by using
the following:

2
dfijy = Zk=1 p (zik = 2jx) (23)

Ward'’s criterion combines the two clusters that cause the least rise in the within-cluster sum of squares

(WCSS) [32]:
14
WSS = Zk Zi € Cp ijl (zi; - 7)) (24)

The Calinski-Harabasz pseudo-F index [33] was used to find the best number of clusters:

B BCSS /(k - 1)

= —~-" - 25
WCSS/(n_k) (25)

2.8. Vector Autoregression and Granger Causality

Stationarity of each time series was confirmed using the Augmented Dickey-Fuller (ADF) test [34] (Equation
(26)) and the KPSS test. The optimal VAR lag order was selected by minimising AIC (Equation (29)), BIC (Equation
(30)), and Hannan-Quinn criteria (Equation (31)). Model stability was verified by checking that all companion ma-
trix eigenvalues fell within the unit circle (Equation (32)). Granger F-tests [21] (Equation (33)) assessed predictive
precedence. All Granger causality results are interpreted strictly as evidence of predictive precedence in the time
series; they do not imply physical or mechanistic causation.

AADF =a+ft+yy,_ + Z pO;pbAy, | + & (26)
i=1
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The VAR model of order p is:

VAR(D) :
Ve =CH+A1ye 1+ Aye 2+ + AnYin + &

Expanding for one variable y;;:

P k
' = C. +Z Z a.‘ t= + g'
Y(it) i =1 =1 ijkYjt—k it

The best lag p was found by minimizing the Akaike Information Criterion:
AlCyy =1In |Z l| + 2pK*/n
The Schwarz Bayesian Criterion: n
SBC(y = In |Z l| + (Inn)pk*/n

The Hannan-Quinn Criterion:

HQC, = In |Z l| +2(In Inn)pk /™
The companion form of VAR(p) was used to check the stability of the model:
Yt = FYt—l + ET_'

The F-test was used to see if variable x caused variable y:
F =
RSSy/(m — 2p — 1)

Impulse response functions show how a shock of one standard deviation affects things:

ayilt + h/ah]t = q)h[l,]]
Forecast Error Variance Decomposition (FEVD):

h=1 2
Zh:u (PhY e])l-
Thso(PhT OTH),,

All statistical computations were performed using R version 4.3.1 [35].

3. Results

3.1. Descriptive Statistics

(27)

(28)

(29)

(30)

(B

(32)

(33)

(34)

(35)

Table 1 presents descriptive statistics for all six parameters over 2007-2011 (n = 260). Mean BODs (98.7

mg/L) exceeded the DPR limit of 30 mg/L by a factor of 3.3. Mean COD (92.3 mg/L) exceeded the 80 mg/L limit.
Mean DO (2.57 mg/L) was below half the DPR minimum of 5.0 mg/L. Mean Temperature (50.0 °C) exceeded the
40 °C DPR threshold throughout the monitoring period. The pH remained within 6.5-7.6 over all 260 weeks. COD
showed the greatest variability (CV = 37.7%) and Conductivity the least (CV = 5.2%). Shapiro-Wilk tests (Equation
(2)) indicated approximate normality for BOD (W = 0.975, p = 0.13), COD (W =0.971, p = 0.09), Temperature (W =
0.986, p = 0.42), pH (W = 0.981, p = 0.28), and Conductivity (W = 0.983, p = 0.35), justifying the use of parametric
multivariate methods. All data were standardised to z-scores (Equation (3)) prior to PCA and cluster analysis.
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Table 1. Descriptive Statistics of Produced Water Quality Parameters (2007-2011, n = 260).

Parameter Mean Median SD Min Max CV (%) DPR Limit
BODs (mg/L) 98.7 96.3 31.2 35.0 187.5 31.6 30.0

COD (mg/L) 92.3 89.5 34.8 21.8 158.6 37.7 80.0

DO (mg/L) 2.57 2.5 0.71 1.2 4.5 27.6 >5.0

Temp (°C) 50.0 49.9 1.78 42.5 53.6 3.6 40.0

pH 7.24 7.3 0.19 6.5 7.6 2.6 6.5-8.5
Cond. (mS/cm) 27.8 279 1.45 223 30.0 5.2 —

Note: SD = standard deviation; CV = coefficient of variation; DPR = Department of Petroleum Resources effluent limit for onshore discharge.

These descriptive findings have clear environmental significance. The threefold exceedance of the DPR BOD;
limit (98.7 vs. 30 mg/L) indicates a chronic, severe organicload in the effluent, consistent with inadequate biodegra-
dation treatment at the facility [5]. The suppressed DO (mean 2.57 mg/L vs. DPR minimum = 5.0 mg/L) signals
hypoxic conditions in the receiving water body that are incompatible with the survival of most aerobic aquatic
fauna [9]. The persistently elevated Temperature (mean 50.0 °C; DPR limit 40 °C) reflects direct thermal discharge
without cooling, which accelerates microbial oxygen demand and further depresses DO through reduced solubil-
ity [10]. The low coefficient of variation for Temperature (3.6%) and Conductivity (5.2%) suggests these param-
eters are driven primarily by stable physicochemical characteristics of the formation water, whereas the high CV
for COD (37.7%) reflects temporal fluctuations in organic load likely associated with production variability and
seasonal effects.

3.2. Pearson Correlation Analysis

Table 2 presents the Pearson correlation matrix (Equations (4) and (5)). The strongest positive association
was between BODs and COD (r = 0.72, p < 0.001), reflecting shared dependence on organic load. A strong negative
correlation between DO and Temperature (r = -0.61, p < 0.001) is consistent with temperature-driven effects on
oxygen solubility [9,10]. BOD and DO were negatively correlated (r = -0.48, p < 0.001). Conductivity was positively
associated with BOD (r=0.34, p <0.001) and COD (r=0.31, p <0.001). pH showed the weakest pairwise associations
(Jr| = 0.18), indicating relative independence from organic and thermal dynamics.

Table 2. Pearson Correlation Matrix of Produced Water Quality Parameters (n = 260).

BOD;s CoD DO Temp pH Cond.
BODs 1 0.720%** -0.480%** -0.230%** 0.12 0.340***
COD 1 -0.390*** -0.190** 0.08 0.310%**
DO 1 -0.610*** -0.090 -0.220***
Temp 1 -0.140* 0.180**
pH 1 0.06
Cond. 1

Note: *p < 0.05. **p < 0.01. ***p < 0.001. Two-tailed tests. Cond. = Conductivity.

The strong BOD5-COD correlation (r = 0.72, p < 0.001) is environmentally important: both parameters index
organic contamination, but COD measures the total chemical oxidisable fraction while BODs measures only the
biologically degradable component over five days [10]. A BOD:COD ratio close to 0.72 (derived from the means:
98.7/92.3 » 1.07) indicates that organic material in this effluent is predominantly biodegradable, suggesting that
biological treatment could be effective if properly implemented [12]. The negative BOD-DO correlation (r =-0.48, p
< 0.001) confirms that higher organic loads suppress dissolved oxygen through microbial consumption, consistent
with the classical biochemical oxygen demand mechanism documented in produced water studies [4]. The signifi-
cant Conductivity-BOD correlation (r = 0.34, p < 0.001) suggests that dissolved ionic species co-vary with organic
load, possibly reflecting the concurrent leaching of inorganic salts during organic waste decomposition. The rela-
tive independence of pH from other parameters (|r| < 0.18) indicates that the buffering capacity of the formation
water maintains a stable acid-base environment despite fluctuations in organic load and temperature [9]. Similar
correlation structures between BOD, COD, and DO have been reported in produced water from other Niger Delta
flow stations [4,10], and in industrial effluent characterisation studies in southeastern Nigeria [10].
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3.3. Principal Component Analysis

The KMO statistic (Equation (6)) was 0.71, and Bartlett’s test (Equation (7)) was significant (x?(15) = 312.4,
p < 0.001), confirming factorability. The Kaiser criterion (Equation (8)) retained three components, confirmed by
scree plot inspection (Figure 1). Tables 3 and 4 present eigenvalues and Varimax-rotated loadings.

2.5 -+ — = Kaiser criterion (A = 1)
Retained mmm Eigenvaluo 100.0

o > QG2

(74.3% variance) —®— Cur Gariance (%)

- 100

2.0 -
80

- 60
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1.0 = — — R~ — SR — — — ey~ — — e

= 20
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Figure 1. PCA scree plot showing eigenvalues for all six components.

Note: Blue bars = retained components (eigenvalue = 1); grey bars = not retained. The horizontal dashed red line marks A = 1 (Kaiser criterion); three components
are retained, collectively explaining 74.3% of total variance. Green line with markers = cumulative variance explained (right axis).

Cumulative Variance Explained (%)

0.0

PCl1 PC2 PC3 Pca
Principal Component

Table 3. Eigenvalues and Variance Explained by Retained Principal Components.

Component Eigenvalue % Variance Explained Cumulative %
PC1—Organic Load Factor 2.18 36.3 36.3
PC2—O0xygen-Thermal Factor 1.39 23.2 59.5
PC3—Ionic-pH Factor 1.01 14.8 74.3
PC4 (not retained) 0.82 13.7 88.0
PC5 (not retained) 0.49 8.2 96.2
PC6 (not retained) 0.23 3.8 100

Table 4. Varimax-Rotated Principal Component Loadings.

Parameter PC1 (Organic Load) PC2 (0,-Thermal) PC3 (Ionic-pH) Communality (h?)
BODs (mg/L) 0.831 -0.312 0.124 0.800
COD (mg/L) 0.804 -0.267 0.178 0.750
DO (mg/L) -0.511 0.698 0.089 0.753
Temperature (°C) -0.188 -0.832 0.213 0.771
pH 0.143 -0.124 0.873 0.796
Conductivity (mS/cm) 0.412 0.273 0.654 0.672

Note: Loadings 2 |0.60| considered practically significant (shown in bold in body of article). PC = principal component.

The three components explain 74.3% of total variance. PC1 (36.3%) shows high positive loadings on BODs
(0.831) and COD (0.804) with a moderate negative loading on DO (-0.511), suggesting a latent dimension associ-
ated with organic load variation. PC2 (23.2%) shows a dominant negative loading on Temperature (-0.832) with a
positive loading on DO (0.698), consistent with the inverse relationship between temperature and oxygen solubility.
PC3 (14.8%) loads on pH (0.873) and Conductivity (0.654), suggesting a distinct ionic-pH dimension. These com-
ponent labels are descriptive and exploratory; they do not constitute definitive identification of causal processes.

PC1—Organic Load Factor: The co-loading of BODs and COD on PC1 is consistent with findings from PCA stud-
ies of Niger Delta produced water and petroleum-affected water bodies [23,24], and reflects the mechanistic link
between biodegradable (BOD) and total oxidisable (COD) organic fractions. The moderate negative loading of DO
on PC1 (-0.511) confirms that elevated organic load is associated with oxygen depletion through biological and
chemical oxidation [9]. This pattern is also reported in PCA of industrial effluents in southeastern Nigeria, where
BOD and COD consistently co-load on the first principal component [10]. The communality of BOD5 (h? = 0.800)
and COD (h? = 0.750) indicates that the three components jointly explain 75-80% of their individual variances,
confirming that the PCA solution captures the dominant structure of these key pollutant variables.
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PC2—O0xygen-Thermal Factor: The dominant negative loading of Temperature (-0.832) and positive loading
of DO (0.698) on PC2 reflects the well-established physical chemistry of oxygen solubility: as water temperature in-
creases, the equilibrium dissolved oxygen concentration decreases [9]. At the mean discharge Temperature of 50.0
°C at this station, the theoretical maximum DO at saturation is approximately 5.6 mg/L (from the empirical relation-
ship DOsat = 468/(31.6 + T °C)). The mean observed DO of 2.57 mg/L represents only 46% of saturation, indicating
that chronic under-oxygenation at this site is driven by both elevated temperature and sustained biological oxygen
demand—a compound effect that neither parameter alone can capture. Similar oxygen-thermal components have
been reported in PCA of surface water quality [15,16].

PC3—Ionic-pH Factor: The loading of both Conductivity (0.654) and pH (0.873) on a third component, largely
independent of the organic and thermal factors, suggests that ionic and acid-base characteristics are governed
primarily by the geochemistry of the formation water rather than by organic load or thermal conditions. This is
consistent with the known composition of produced water, in which high conductivity is contributed by dissolved
formation brines [1,2]. The relatively low communality of Conductivity (h? = 0.672) compared with other variables
indicates that some conductivity variance is not captured by the three retained components, potentially reflecting
episodic inputs of chemical treatment additives at the flow station.

3.4. Multiple Linear Regression Models

Model Validation Procedure: A 70/30 training-testing split (training n = 182; test n = 78) was applied chrono-
logically: the first 182 observations (January 2007-approximately mid-2010) were used for model fitting, and the
final 78 observations (approximately mid-2010-December 2011) were held out as an independent test set. Chrono-
logical partitioning was employed because the data are time-ordered; random assignment would introduce tempo-
ral leakage. Both training and test performance are reported in Table 5.

Table 5. MLR Model Performance Statistics—Training Set and Out-of-Sample Test Set.

Model R? Adj.R? RMSE Train MAE Train RMSE Test MAE Test
Model 1: COD ~ BODs+DO+Cond. 0.71 0.7 18.9 mg/L 14.7 mg/L 20.4 mg/L 159 mg/L
Model 2: DO ~ Temp+BODs 0.58 0.57 0.46 mg/L 0.36 mg/L 0.51 mg/L 0.39 mg/L
Model 3a: BODs ~ PC1 0.65 0.65 18.5 mg/L 14.3 mg/L 19.8 mg/L 15.4 mg/L
Model 3b: COD ~ PC1 0.6 0.6 22.1 mg/L 17.0 mg/L 23.6 mg/L 18.2 mg/L
Model 3c: DO ~ PC2 0.51 0.51 0.50 mg/L 0.40 mg/L 0.55 mg/L 0.43 mg/L

Note: RMSE = root mean square error; MAE = mean absolute error; Cond. = Conductivity; Temp = Temperature. Test set columns (RMSE test, MAE test) are new
out-of-sample validation results added in revision; highlighted.

Model 1 (COD Prediction):

COD = —18.42 + 0.83 Xx BODs — 4.62 X DO + 1.94 x Conductivity (36)

Training R? = 0.71, adjusted R? = 0.70, RMSE = 18.9 mg/L, MAE = 14.7 mg/L. All predictors significant (p <
0.05). All VIF < 3.0; Durbin-Watson = 1.87 (no evidence of residual autocorrelation). Standardised beta weight for
BODs: B* = 0.64. Out-of-sample (test set): RMSE = 20.4 mg/L, MAE = 15.9 mg/L.

The R? of 0.71 indicates that BODs, DO, and Conductivity jointly account for 71% of the variance in COD on
the training set, with the beta weight (* = 0.64) confirming BOD;5 as the dominant predictor. The modest increase
in RMSE from training (18.9 mg/L) to test set (20.4 mg/L)—a deterioration of 7.9%—indicates that the model
generalises well beyond the estimation sample without substantial overfitting [17]. An out-of-sample RMSE of 20.4
mg/L represents approximately 22% of the mean COD (92.3 mg/L), an acceptable error for operational process
control applications where COD laboratory analysis takes approximately two hours. Similar R? values of 0.68-0.74
have been reported for BOD-COD predictive models in Nigerian industrial effluents [10]. The practical implication
is that COD can be estimated in real time from BODs, DO, and Conductivity—three parameters obtainable more
rapidly—enabling operators to pre-empt COD exceedances of the 80 mg/L DPR limit [6].

Model 2 (DO Prediction):

D =11.84 — 0.18 x Temperature — 0.0094 x BODs (37)
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Training R? = 0.58, adjusted R? = 0.57, RMSE = 0.46 mg/L, MAE = 0.36 mg/L. Both predictors significant (p <
0.001). Out-of-sample (test set): RMSE = 0.51 mg/L, MAE = 0.39 mg/L.

The R? of 0.58 indicates that Temperature and BODs account for 58% of DO variance. The lower R? compared
with Model 1 is expected and is ecologically informative: DO is influenced not only by temperature and organic
demand but also by reaeration, photosynthesis, turbulence, and formation water characteristics [9]—factors not
captured in this two-predictor model. The out-of-sample RMSE of 0.51 mg/L is operationally significant: given the
DPR DO minimum of 5.0 mg/L and the observed mean of 2.57 mg/L, an estimation error of 0.51 mg/L corresponds
to approximately 10% of the regulatory threshold, which is acceptable for early warning applications. The negative
coefficient for Temperature (-0.18) is consistent with the known inverse relationship between water temperature
and oxygen solubility [9], and the negative coefficient for BOD5 (-0.0094) confirms that higher organicloads acceler-
ate biological oxygen consumption. These findings are consistent with DO prediction models reported for Nigerian
water bodies [12,18].

Model 3 (PCA Score-Based Prediction):

BODs = uf,s + B1Fi (38)
COD = p} + By Fin (39)
DO = pug + B Fiz (40)

where F;; and F;, are the scores for observation i on PC1 and PC2 (Equation (12)).

Bivariate regressions yielded training R? = 0.65 (BODs), 0.60 (COD), and 0.51 (DO).

The PCA score-based models (Model 3) use the latent component scores as single predictors, providing a
dimensionality-reduced alternative to the full variable-set MLR models. The R? of 0.65 for BODs and 0.60 for COD
from PC1 score alone confirms that the Organic Load Component captures the majority of variance in these param-
eters, validating the PCA interpretation. The slightly lower R? for Model 3 compared with Model 1 (0.71 vs. 0.65 for
COD) reflects the information loss inherent in reducing three predictors to a single composite score—an acceptable
trade-off in monitoring contexts where rapid screening is prioritised over maximum predictive accuracy [14,15].
The DO-PC2 model (R? = 0.51) performs comparably to Model 2, reinforcing the Oxygen-Thermal Component in-
terpretation.

3.5. Hierarchical Cluster Analysis

Ward’s HACA identified three distinct clusters as shown in Figures 2-4, maximising the Calinski-Harabasz
pseudo-F index (Equation (25)): CH =48.7 atk=3, versus CH=31.2 atk=2 and CH = 39.4 atk = 4. A chi-square test
of independence between cluster membership and meteorological season (wet: June-November; dry: December-
May) was significant (x?(2) = 43.7, p < 0.001), providing formal statistical support for the interpretation that the
three quality regimes correspond to distinct seasonal patterns. This finding is descriptive; it does not preclude
other explanatory factors.

Test of independence between cluster membership and meteorological season (wet: June-November; dry:
December-May) was significant (x?(2) = 43.7, p < 0.001), providing formal statistical support for the interpreta-
tion that the three quality regimes correspond to distinct seasonal patterns. This finding is descriptive; it does not
preclude other explanatory factors.

Cluster 1 (High contamination regime, n = 87 weeks, 33.5%): Highest average BODs (128.4 mg/L) and COD
(127.3 mg/L), lowest DO (1.72 mg/L), above-average Temperature (50.8 °C). Temporal analysis showed that 74%
of Cluster 1 observations occurred between August and October, coinciding with the wet season peak in Akwa Ibom
State.

The extreme conditions in Cluster 1 are environmentally critical. As shown in Table 6, a mean BODs of 128.4
mg/L represents more than four times the DPR limit of 30 mg/L, and a mean DO of 1.72 mg/L falls well below the
threshold of 2.0 mg/L regarded as critically hypoxic for most aquatic biota [9]. Such conditions are consistent with
the near-complete suppression of aerobic biological communities in the receiving water body during wet season
discharge events, as reported in comparable flow station effluent studies in the Niger Delta [3]. The concentration

45



Journal of Hydrological Ecology and Water Security | Volume 01 | Issue 02

of Cluster 1 observations in August-October corresponds to peak production activity and potential system bypass
events associated with heavy rainfall, as also noted by Edori et al. [36] and Gijo et al. [37].
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B Cluster 2 - Moderate Quality (n = 112)
BN Cluster 3 - Relatively Improved (n = 61)
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Figure 2. Ward’s Hierarchical Agglomerative Cluster Analysis dendrogram (260 weekly observations). Cut down
to 30 Last Merges. The best cut point, which gives k = 3 clusters, is shown by the dashed red line.
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Figure 3. Truncated Ward’s Dendrogram Showing Three-Cluster Solution (40 Terminal Nodes; numbers in paren-
theses = merged observations). Colours distinguish the three cluster branches.
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Figure 4. Ward’s HACA Cluster Validation and Centroid Profiles. (a) cluster centroid profiles for all six parameters
against DPR limits (dotted lines). (b) Calinski-Harabasz pseudo-F index by number of clusters, with optimal k = 3
highlighted.

Cluster 2 (Moderate quality regime, n = 112 weeks, 43.1%): Intermediate parameter values (BODs=91.5 mg/L;
COD =83.2 mg/L; DO = 2.64 mg/L) distributed across months. COD values remain above the DPR limit of 80 mg/L.
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Table 6. Cluster Centroids and Comparison with DPR Regulatory Standards.

Cluster 1 (High, Cluster 2 (Moderate, Cluster 3 (Improved,

Parameter n=87) n=112) n=61) Overall Mean DPR Limit Exceedance?
BOD; (mg/L) 128.4 91.5 61.8 98.7 30 All clusters
COD (mg/L) 127.3 83.2 54.7 92.3 80 Clusters 1 & 2
DO (mg/L) 1.72 2.64 3.52 2.57 >5.0 All clusters
Temp (°C) 50.8 49.9 489 50 40 All clusters
pH 7.18 7.25 7.31 7.24 6.5-8.5 None

Cond. (mS/cm) 28.4 27.8 26.7 27.8 — —

Note: Cond. = Conductivity; DPR = Department of Petroleum Resources. Exceedance refers to centroid means exceeding DPR limits.

Cluster 2 represents the predominant operational condition at the flow station (43.1% of weeks). Although
conditions are less extreme than Cluster 1, the COD exceedance of the 80 mg/L DPR limit (83.2 mg/L) and the DO
deficit (2.64 mg/L vs. 25.0 mg/L) confirm that the typical operating state of the facility is one of regulatory non-
compliance. This chronic baseline non-compliance is a key management finding, indicating that treatment system
performance is inadequate under normal operating conditions, not only during peak contamination events [4,5].

Cluster 3 (Relatively improved regime, n = 61 weeks, 23.5%): Lowest average BODs (61.8 mg/L), COD (54.7
mg/L), and highest DO (3.52 mg/L), predominantly concentrated April-June. Even under these improved condi-
tions, mean BODs was 61.8 mg/L—2.1 times the DPR limit of 30 mg/L.

The persistence of BOD5 exceedance even in Cluster 3 (61.8 vs. 30 mg/L DPR limit) confirms that seasonal
improvement in effluent quality is insufficient to achieve regulatory compliance. This finding is consistent with
Nwineewii and Ibok [38], who observed that treated produced water from Niger Delta flow stations cannot achieve
required discharge limits through seasonal variation alone without effective treatment upgrades. The higher DO in
Cluster 3 (3.52 mg/L) is likely attributable to lower organic load and cooler temperatures in the April-June transi-
tion season, which reduces both biological oxygen demand and temperature-driven solubility depression.

3.6. Vector Autoregression and Granger Causality

Stationarity Testing: Stationarity of all six time series was confirmed prior to VAR estimation using the Aug-
mented Dickey-Fuller (ADF) test [34] and the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test. Both tests were applied
to each variable in levels. Results are presented in Table 7. All series satisfied the stationarity requirements at the
5% significance level: ADF tests rejected the null of a unit root and KPSS tests did not reject the null of stationarity.

Table 7. Stationarity Test Results for All Six Time-Series Variables (ADF and KPSS Tests).

Variable ADF Statistic ADF p-Value ADF Decision KPSS Statistic KPSS p-Value KPSS Decision
BODs -4.21 0.007 Stationary 0.11 0.095 Stationary
COD -3.87 0.018 Stationary 0.14 0.088 Stationary
DO -5.14 <0.001 Stationary 0.09 0.125 Stationary
Temperature -4.63 0.002 Stationary 0.12 0.093 Stationary
pH -3.54 0.041 Stationary 0.17 0.073 Stationary
Conductivity -4.09 0.01 Stationary 0.13 0.09 Stationary

Note: ADF = Augmented Dickey-Fuller test; KPSS = Kwiatkowski-Phillips-Schmidt-Shin test. ADF null hypothesis: unit root present (non-stationary). KPSS null
hypothesis: series is stationary. Highlighted rows indicate newly added stationarity test results.

ADF tests (Equation (26)) confirmed stationarity of all six time series (all p < 0.05); KPSS tests were non-
significant for all series (Table 2). Optimal VAR lag order p = 2 was selected by minimising AIC, BIC, and Hannan-
Quinn criteria (Equations (29)-(31)). All companion matrix eigenvalues fell within the unit circle (maximum mod-
ulus = 0.84, Equation (32)), confirming model stability. All Granger causality results are interpreted as predictive
precedence relationships in the time series; they do not imply physical or mechanistic causation.

Six significant Granger-precedent predictive relationships were identified (Table 8). Most operationally sig-
nificant was the predictive precedence of BOD on COD at lag 2 (F(2, 250) = 8.34, p = 0.003). Temperature was a
Granger-precedent predictor of DO (F(2, 250) = 11.62, p < 0.001). COD was a Granger-precedent predictor of Con-
ductivity (F(2,250) =5.78,p=0.017). A feedback-type association was also identified: DO was a Granger-precedent
predictor of BOD (F(2,250) =4.92, p =0.027), consistent with the known relationship between hypoxia and reduced
aerobic decomposition.
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Table 8. Significant Granger Causality Results from VAR(2) Model.

Predictor (X) Outcome (Y) F-Statistic p-Value Predictive Interpretation

BODs CoD 8.34 0.003** BODs predicts subsequent changes in COD at 2-wk lag

Temperature DO 11.62 <0.001*** Temperature predicts subsequent changes in DO

CcoD Conductivity 5.78 0.017* COD predicts subsequent changes in conductivity

DO BODs 4.92 0.027* Low DO predicts subsequent BOD5 accumulation

BODs Conductivity 4.31 0.038* High organic load predicts subsequent ionic content

Temperature BODs 3.87 0.050* Temperature predicts subsequent changes in decomposition rate indicators

Note: *p < 0.05. **p < 0.01. ***p < 0.001. All F-statistics with df(2, 250). VAR = vector autoregression.

The most operationally important result in Table 8 is the two-week predictive precedence of BODs for COD (F
= 8.34, p = 0.003). This temporal window means that a rising BODs; measurement today predicts a COD increase
approximately two weeks later, providing a pre-emptive signal for treatment dose adjustment before COD breaches
the 80 mg/L DPR limit [6]. The predictive association between Temperature and DO (F = 11.62, p < 0.001) is the
strongest identified, confirming that Temperature monitoring can serve as an early warning indicator for DO deple-
tion at this station [9,10]. These predictive relationships are interpretable within the time-series framework of the
VAR model and do not constitute evidence of physical causation; Granger precedence implies predictive information
content, not mechanistic drive [21,22].

A one-SD shock to BOD5 was associated with a COD rise of 0.41 SD at Week 2, returning to baseline by Week
7 (Equation (34); Figure 5). A Temperature shock was associated with a DO reduction peaking at -0.52 SD at
Week 1, decaying over 10 weeks. At the 12-week horizon, FEVD (Equation (35); Figure 6) indicated that BODs was
associated with 31.4% of COD forecast error variance, identifying BOD;s as the dominant predictor of COD dynamics.
These results are associative; the term ‘shock’ refers to a one-SD perturbation within the VAR model and does not
imply a physical perturbation experiment.

(a) Response of COD (b) Response of DO
to 1-SD Shock in BODs to 1-SD Shock in Temperature
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Peaki +0.41 SD! a5% bootstrap CI 95% bootstrap CI
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Figure 5. Impulse response functions (IRF) from the VAR(2) model. (a) response of COD to a one-SD shock in BODg
over 12 weeks—COD peaks at +0.41 SD at Week 2 and returns near baseline by Week 7. (b) response of DO to a
one-SD shock in Temperature—DO reaches a minimum of -0.52 SD at Week 1 and recovers over 10 weeks. Shaded

bands = 95% bootstrap confidence intervals. All responses interpreted as predictive associations, not mechanistic
causation.
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Figure 6. Forecast Error Variance Decomposition (FEVD) at the 12-week horizon for (a) COD and (b) DO.
Note: For COD, BODs explains 31.4% and COD own-variance explains 42.1% of forecast error variance. For DO, own-variance explains 38.2% and Temperature
explains 22.5%, confirming Temperature as the dominant external predictor of DO dynamics at this station. Dark-highlighted bars = dominant external predictor.
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4. Discussion
4.1. Statistical Models for Rapid Effluent Quality Assessment

The MLR models (Equations (36)-(40)) directly address the operational objective of rapid effluent quality
assessment. Model 1 (Equation (36); training R? = 0.71; test RMSE = 20.4 mg/L) enables estimation of COD—
which requires chemical reagents, reflux apparatus, and approximately two hours—from BODs and two simpler
simultaneous measurements [17,18]. Model 2 (Equation (37); training R? = 0.58; test RMSE = 0.51 mg/L) enables in-
situ estimation of DO from Temperature and BODs. Out-of-sample validation confirms that both models generalise
beyond the estimation sample with acceptable accuracy. These R? values are consistent with those reported by
Howard et al. (R = 0.61-0.81 for BOD-COD prediction in Nigerian industrial effluents) [10] and Nnorom et al. (R =
0.52-0.79 for Nigerian reservoir parameters) [17].

The two-week predictive precedence from BODs to COD (F(2, 250) = 8.34, p = 0.003; Equation (33), Table 7)
provides a temporal window for pre-emptive treatment dose adjustment before COD exceeds the 80 mg/L DPR limit.
The Temperature-DO predictive association (IRF peak = -0.52 SD at Week 1; Figure 5) indicates that Temperature
monitoring can serve as an early warning indicator for DO depletion. These are predictive associations within the
VAR model; they do not constitute evidence of physical causation.

4.2. Principal Component Structure

The three-component PCA solution provides a parsimonious latent variable framework. PC1 (BODs loading =
0.831; COD loading = 0.804) accounts for 36.3% of total variance. This pattern is consistent with PCA studies of
water quality in oil-producing Niger Delta communities [23,24] and with the organic load components reported
for European river systems [16]. These component labels are descriptive and exploratory. PC2 captures the well-
established inverse relationship between temperature and oxygen solubility [9]. The relative independence of PC3
(Ionic-pH) from PC1 and PC2 suggests that ionic and acid-base characteristics are governed primarily by formation
water geochemistry rather than organic load or temperature dynamics.

4.3. Seasonal Water Quality Regimes and Environmental Risk

The three seasonal quality regimes are formally supported by a significant chi-square test of independence
between cluster membership and meteorological season (x?(2) = 43.7, p < 0.001). Peak contamination coinciding
with the wet season (August-October) is consistent with Edori et al. [36] and Gijo et al. [37], who attributed this
pattern to peak production activity, system bypasses during heavy rainfall, and reduced treatment efficiency during
facility water handling surges. Even in the best-performing cluster (Cluster 3), mean BODs was 61.8 mg/L—more
than double the DPR limit of 30 mg/L—consistent with Nwineewii and Ibok [38], who observed that treated pro-
duced water from Niger Delta flow stations cannot achieve required discharge limits through seasonality variation
alone.

4.4. Temporal Interdependencies and System-Level Understanding

The VAR results (Equations (27)-(35)) complement cross-sectional correlation and PCA by elucidating tempo-
ral predictive dynamics. The bidirectional predictive association between DO and BODs—where low DO predicts
subsequent BODs accumulation and high BODs predicts subsequent COD increase—constitutes a positive feedback
structure capable of sustaining poor effluent quality once it is established. This temporal coupling is detectable
only via time-series methods. The FEVD result (Figure 6) that BODs is associated with 31.4% of 12-week-ahead
COD forecast error variance provides a directly actionable process control signal: flow station operators should
prioritise BODs as the primary monitored variable for COD management. All results are interpretable as predictive
associations within the VAR framework and not as evidence of physical causality.

4.5. Limitations and Future Research

Several limitations warrant acknowledgement. First, the dataset covers only six parameters; produced water
additionally contains total petroleum hydrocarbons, heavy metals, and naturally occurring radioactive materials
(NORMSs) [1,2]. Second, the data originate from a single flow station; findings cannot be generalised to other Niger
Delta sites without multi-site validation. Third, the MLR models are linear approximations; copula-based, gener-
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alised additive, or machine learning models may better represent partially nonlinear dynamics [39]. Fourth, the
VAR analysis was conducted using a relatively modest dataset (n = 260) for a six-variable system. While this sample
size is adequate for exploratory and predictive purposes given the weekly temporal resolution, the stability and gen-
eralisability of the identified predictive associations should be validated against longer monitoring records. Future
research should incorporate a broader parameter suite, validate models across multiple flow stations, and compare
predictive accuracy of linear and nonlinear frameworks.

5. Conclusions

This study applied a comprehensive multivariate statistical modelling framework to five years of weekly pro-
duced water quality data (n = 260) from a crude oil flow station in Akwa Ibom State, Nigeria (2007-2011). Five
analytical methods were integrated to characterise parameter interdependencies, identify latent variance drivers,
classify temporal quality regimes, and model predictive temporal associations.

Pearson correlation analysis (Equations (4) and (5)) identified BODs-COD (r = 0.72) and DO-Temperature (r =
-0.61) as the strongest pairwise associations. PCA (Equations (6)-(12)) extracted three interpretable components—
Organic Load (36.3%), Oxygen-Thermal (23.2%), and lonic-pH (14.8%)—explaining 74.3% of total variance. MLR
models (Equations (13)-(22), (36)-(40)) achieved R? = 0.71 (COD) and 0.58 (DO); out-of-sample validation con-
firmed acceptable generalisation (test RMSE = 20.4 mg/L and 0.51 mg/L, respectively). Cluster analysis (Equations
(23)-(25); Figures 2-4) delineated three seasonal quality regimes, formally supported by chi-square testing (x?(2)
= 43.7, p < 0.001); no regime met DPR standards for BODs or DO. VAR analysis (Equations (26)-(35)) identified
BODs as a Granger-precedent predictor of COD (two-week lag), Temperature as a Granger-precedent predictor of
DO, and a bidirectional predictive association between DO and BODs. All Granger results are interpreted as predic-
tive associations, not causal mechanisms.

Collectively, these findings indicate that the quality parameters of produced water at this site constitute a dy-
namic, interdependent system that univariate threshold compliance monitoring does not adequately characterise.
The multivariate framework presented may provide a basis for broader application in rapid, integrated monitoring
and process control at Niger Delta flow stations, following multi-site validation to confirm the generalisability of
the identified patterns and model performance.
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