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Abstract11

This study presents a comprehensive statistical analysis of chlorophyll-a dynam-12

ics in Balikpapan Bay, Indonesia, combining time series analysis, extreme value13

modeling, and machine learning techniques to understand phytoplankton vari-14

ability near Indonesia’s planned new capital city. Analysis of daily chlorophyll-a15

concentrations (2019-2021) revealed a non-Gaussian distribution (skewness =16

2.212, kurtosis = 10.160) ranging from 0.350 to 11.270 mg/m3, with distinct17

seasonal patterns showing May maxima (2.110 mg/m3) and July minima (1.34018

mg/m3). Block Maxima extreme value analysis identified 79 extreme events and19

fitted a Gumbel distribution (location µ = 2.924, scale σ = 1.231, log-likelihood20

= -141.644), though notably failed to capture two major HAB events (11.27021

and 10.430 mg/m3). A WeightedEnsemble L2 model combining ExtraTreesMSE22

(0.462), CatBoost (0.346), and LightGBMXT (0.192) identified temperature23

(importance: 0.072, p < 0.001), solar radiation (0.061, p = 0.002), and phosphate24

(0.047, p < 0.001) as key drivers, achieving moderate performance (RMSE =25

0.868 mg/m3, R2 = 0.204). The trained model was serialized for potential oper-26

ational deployment, providing crucial baseline data for HAB monitoring systems27

in this rapidly developing coastal region.28

Keywords: AutoGluon Machine Learning, Coastal Phytoplankton Dynamics,29

Extreme Value Analysis, Tropical Ecosystem Management30
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1 Introduction31

The Indonesian government’s plan to relocate the national capital from Jakarta to32

Nusantara, situated in East Kalimantan province, has brought significant attention to33

the coastal ecosystems in the region [1]. Of particular importance is Balikpapan Bay,34

which will serve as the coastal area for the new capital city [2]. This semi-enclosed35

bay, oriented on a north-south axis and approximately 35 km long and 1-8 km wide,36

is poised to play a crucial role in the development and environmental management of37

the new capital [2, 3].38

Balikpapan Bay is characterized by complex water mass dynamics influenced by39

various environmental factors, including the ocean dynamics of the Makassar Strait40

and freshwater inputs from several rivers [3–5]. The bay receives freshwater from four41

major rivers: Sepaku, Semoi, Wain, and Riko, while saline water enters from the42

Makassar Strait via the bay’s mouth [6, 7]. These hydrodynamic processes are fur-43

ther modulated by diurnal and seasonal rainfall variations, with wet seasons typically44

occurring from November to December and March to April, and the dry season from45

August to October [8, 9].46

The water mass dynamics in Balikpapan Bay have been shown to significantly47

impact water quality, phytoplankton abundance, chlorophyll-a concentration, and48

other marine bio-geophysical parameters [10, 11]. The prevailing semidiurnal tide type49

in the bay contributes to increased phytoplankton abundance and nutrient distribution50

within the water column [12, 13]. However, the bay’s ecosystem is also under pressure51

from various anthropogenic factors, including oil spills, domestic and industrial waste,52

and agricultural activities [6, 14, 15].53

The relocation of Indonesia’s capital to Nusantara is expected to bring about54

significant changes to the region, potentially increasing environmental pressures on55

Balikpapan Bay. As the new capital city develops, there is a substantial risk of56

increased nutrient enrichment from domestic and industrial sources [16]. This nutri-57

ent loading, combined with the bay’s unique hydrodynamics, could potentially lead58

to eutrophication and harmful algal blooms (HABs), which pose serious threats to59

marine ecosystems and human health [17, 18].60

Given the ecological importance of Balikpapan Bay and its proximity to the future61

capital, there is an urgent need to understand the bay’s current environmental sta-62

tus and its potential responses to increased anthropogenic pressures. While extensive63

research has been conducted on HABs in other Indonesian bays, such as Jakarta64

[19, 20], Lampung [21, 22], and Ambon [23, 24], studies specific to Balikpapan Bay65

are limited. However, there is suspected evidence of algal bloom occurrences and the66

presence of HAB-causing phytoplankton species in the bay [4].67

In light of these concerns and Balikpapan Bay’s newfound significance, this study68

aims to investigate the variability of chlorophyll-a concentration, a key indicator69

of phytoplankton biomass and potential HABs. We analyze ocean color reanalysis70

data, hydrodynamic model outputs, and various environmental parameters to iden-71

tify patterns in chlorophyll-a distribution, detect potential algal bloom events, and72

explore relationships between chlorophyll-a concentration and environmental factors.73

Our methodology employs a comprehensive statistical approach, including exploratory74
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data analysis and time series analysis. We utilize a threshold-based approach to iden-75

tify algal bloom events, following previous research with modifications based on our76

data comparison. Additionally, we leverage machine learning techniques, specifically77

the AutoGluon framework [25, 26], to capture complex, non-linear relationships in the78

ecological data. This approach allows us to model interactions between chlorophyll-a79

concentrations and various environmental parameters, with feature importance anal-80

ysis identifying the most influential factors. By combining these statistical methods81

with comprehensive environmental data, we aim to provide a nuanced understand-82

ing of the dynamics governing chlorophyll-a concentrations and potential algal bloom83

events in Balikpapan Bay, contributing to effective management strategies for this84

critical ecosystem as Indonesia’s new capital city takes shape.85

2 Data and Methods86

2.1 Data87

This study focuses on Balikpapan Bay, Indonesia (116.7◦E, 1.0◦S, Fig. 2.2.5), utilizing88

data from January 1, 2019, to December 31, 2021, as previously analyzed by Anwar et89

al. [27]. The primary dataset comprises daily chlorophyll-a concentrations derived from90

ocean color reanalysis data (OCEANCOLOUR GLO BGC L4 MY 009 104) provided91

by the Copernicus Marine Environment Monitoring Service (CMEMS) [28].92

Fig. 1: Location map of the study area showing bathymetry and topography of Mar-
itime Southeast Asia from SRTM15+ Earth Relief v2.6 data [29]. The red dot indicates
the location of Balikpapan Bay (116.71◦E, -0.97◦N). Elevation and depth are shown in
meters, with positive values (green to white) representing land topography and nega-
tive values (blue) representing ocean bathymetry. Map generated using PyGMT [30].
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The data used in this study are spatially averaged over the Balikpapan Bay area93

and presented at a daily resolution. Spatial averaging is employed to provide a repre-94

sentative overview of the entire bay ecosystem, reducing the impact of local variability95

and allowing for a more generalized analysis of chlorophyll-a dynamics [31]. This96

approach is particularly useful in coastal areas where small-scale spatial heterogeneity97

can be high due to complex interactions between terrestrial inputs, ocean currents,98

and local bathymetry [32].99

The daily resolution of the data allows for the capture of short-term variability in100

chlorophyll-a concentrations and associated environmental parameters. This temporal101

scale is crucial for identifying rapid changes in phytoplankton biomass that can occur102

in response to environmental fluctuations, such as nutrient pulses from river discharge103

events or short-term changes in meteorological conditions [33]. Daily data also enable104

the detection of phenomena such as algal blooms, which can develop and dissipate105

over the course of days to weeks [34].106

To comprehensively analyze the factors influencing chlorophyll-a dynamics, we107

incorporated several additional environmental parameters. Sea surface temperature108

(SST) and salinity (SSS) data were obtained from the Hamburg Shelf Ocean Model109

(HAMSOM) [4]. SST and SSS play crucial roles in phytoplankton growth and110

distribution [35, 36]. River discharge data were sourced from the Global Flood Aware-111

ness System (GloFAS-ERA5) [37]. River inputs significantly affect coastal nutrient112

dynamics and, consequently, phytoplankton growth [38, 39].113

Nitrate, phosphate, silicate, and dissolved oxygen data were114

acquired from the Global Ocean Biogeochemistry Analysis and Forecast115

(GLOBAL ANALYSIS FORECAST BIO 001 028) [40]. These nutrients are essential116

for phytoplankton growth and can limit primary productivity in marine ecosystems117

[41, 42]. Solar radiation data were obtained from ERA5 hourly data, which were accu-118

mulated into daily totals [43]. This daily accumulation provides a more appropriate119

temporal scale for analyzing the impact of light availability on photosynthesis and120

phytoplankton growth [44, 45]. Rainfall data were collected from BMKG Sepinggan121

station, Balikpapan [46]. Precipitation can influence nutrient input through runoff and122

affect water column stability, both of which impact phytoplankton dynamics [47, 48].123

This multi-faceted approach, combining spatially averaged, daily resolution data124

from various sources, provides a comprehensive framework for analyzing the com-125

plex interactions between physical, chemical, and biological processes that govern126

chlorophyll-a dynamics in Balikpapan Bay. It allows for the investigation of both short-127

term variability and longer-term trends, crucial for understanding coastal ecosystem128

functioning in the context of climate change and anthropogenic influences [49, 50].129

2.2 Methods130

Our analysis of chlorophyll-a dynamics in Balikpapan Bay employed a multi-faceted131

approach, combining exploratory data analysis, time series analysis, extreme value132

analysis, and machine learning techniques. This comprehensive methodology was cho-133

sen to capture the complex nature of coastal marine ecosystems, where multiple134

environmental factors interact to influence phytoplankton dynamics [51, 52].135
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2.2.1 Exploratory Data Analysis136

We began with exploratory data analysis on the chlorophyll-a concentration time137

series. Basic descriptive statistics were computed, including mean (µ), standard devi-138

ation (σ), minimum, maximum, and quartiles. The mean and standard deviation were139

calculated using the following equations:140

µ =
1

N

N∑
t=1

Xt (1)

σ =

√√√√ 1

N − 1

N∑
t=1

(Xt − µ)2 (2)

where Xt represents the chlorophyll-a concentration at time t, and N is the total141

number of observations [53]. These basic statistics provide an initial understanding142

of the central tendency and variability in the data, which is crucial for identifying143

potential patterns or anomalies in chlorophyll-a concentrations [54].144

To assess the distribution’s shape, we calculated skewness (S) and kurtosis (K):145

S =
1

N

N∑
t=1

(
Xt − µ

σ

)3

(3)

K =
1

N

N∑
t=1

(
Xt − µ

σ

)4

− 3 (4)

These measures provide insights into the asymmetry and tailedness of the distribu-146

tion, respectively [55]. Understanding the distribution shape is particularly important147

in marine ecosystems, where skewed distributions of chlorophyll-a are common due to148

episodic bloom events [56].149

2.2.2 Normality and Stationarity Tests150

We employed the Shapiro-Wilk test [57] and D’Agostino’s K2 test [58] to evaluate the151

normality of the chlorophyll-a distribution. The Shapiro-Wilk test statistic is given by:152

W =
(
∑n

i=1 aix(i))
2∑n

i=1(xi − x̄)2
(5)

Where x(i) are the ordered sample values and ai are constants derived from the153

covariances of the order statistics. The null hypothesis of this test is that the sample154

comes from a normally distributed population. We reject this hypothesis if the p-value155

is less than the chosen alpha level.156

D’Agostino’s K2 test combines skewness (S) and kurtosis (K) to produce an157

omnibus test of normality:158

K2 = Z1(S)
2 + Z2(K)2 (6)

Where Z1(S) and Z2(K) are approximately standard normal under the null159

hypothesis of normality. The test statistic K2 follows a chi-square distribution with160

two degrees of freedom under the null hypothesis.161
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These tests are crucial because many statistical methods assume normality, and162

violations of this assumption can lead to incorrect inferences [59].163

To assess the stationarity of the time series, we used the Augmented Dickey-Fuller164

(ADF) test [60] and the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test [61].165

The ADF test is based on the regression model:166

∆Yt = α+ βt+ γYt−1 +

p∑
i=1

δi∆Yt−i + ϵt (7)

Where ∆Yt is the differenced series, α is a constant, β is the coefficient on a time167

trend, γ is the coefficient of interest for testing stationarity, p is the lag order of the168

autoregressive process, and ϵt is the error term. The null hypothesis of the ADF test is169

that the time series contains a unit root (i.e., it is non-stationary). The test statistic is:170

ADF =
γ̂

SE(γ̂)
(8)

Where γ̂ is the estimate of γ and SE(γ̂) is its standard error.171

The KPSS test, in contrast, has stationarity as the null hypothesis. It is based on172

the model:173

Yt = ξt+ rt + ϵt (9)

Where ξt is a deterministic trend, rt is a random walk, and ϵt is a stationary error.174

The test statistic is:175

KPSS =

∑T
t=1 S

2
t

T 2f̂0
(10)

where St =
∑t

i=1 ϵ̂i is the partial sum of residuals, T is the sample size, and f̂0 is176

an estimator of the spectral density at frequency zero.177

Stationarity is a key assumption in many time series analyses, and its violation can178

indicate the presence of trends or seasonal patterns in chlorophyll-a concentrations [62].179

By using both ADF and KPSS tests, we can differentiate between trend-stationary180

and difference-stationary processes, providing a more comprehensive assessment of the181

time series properties.182

2.2.3 Autocorrelation Analysis183

We computed and plotted the Autocorrelation Function (ACF) and Partial Auto-184

correlation Function (PACF) to examine the temporal dependence structure of the185

chlorophyll-a time series. These functions provide crucial insights into the underlying186

stochastic processes governing phytoplankton dynamics [63].187

Let {Xt} be a weakly stationary time series with mean µ and variance σ2. The188

autocovariance function at lag k is defined as:189

γ(k) = E[(Xt − µ)(Xt+k − µ)] (11)

The Autocorrelation Function (ACF) is the normalized version of the autocovari-190

ance function:191
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ρ(k) =
γ(k)

γ(0)
=

E[(Xt − µ)(Xt+k − µ)]

E[(Xt − µ)2]
(12)

For a finite sample of size N , we estimate the ACF using:192

ρ̂(k) =

∑N−k
t=1 (Xt − X̄)(Xt+k − X̄)∑N

t=1(Xt − X̄)2
(13)

where X̄ is the sample mean.193

The Partial Autocorrelation Function (PACF) measures the correlation between194

Xt and Xt+k after removing the linear dependence on the intervening variables195

Xt+1, ..., Xt+k−1. It is defined as:196

α(k) = Corr(Xt, Xt+k|Xt+1, ..., Xt+k−1) (14)

The PACF can be computed recursively using the Durbin-Levinson algorithm:197

α(1) = ρ(1) (15)

α(k) =
ρ(k)−

∑k−1
j=1 αk−1,jρ(k − j)

1−
∑k−1

j=1 αk−1,jρ(j)
(16)

where αk,j are the coefficients in the projection of Xt onto the space spanned by198

Xt−1, ..., Xt−k.199

For a stationary AR(p) process, the theoretical PACF has the following property:200

α(k) =

{
̸= 0 for k ≤ p

= 0 for k > p
(17)

This property is particularly useful for order selection in autoregressive models.201

We also consider the asymptotic distribution of the sample ACF for a white noise202

process. Under the null hypothesis that the true ACF is zero beyond a certain lag q,203

the sample ACF is approximately normally distributed:204

√
N(ρ̂(k)− ρ(k)) ∼ N(0, 1) for k > q (18)

This result allows us to construct confidence intervals and perform hypothesis tests205

on the significance of autocorrelations at various lags.206

Autocorrelation analysis is particularly useful in studying phytoplankton dynam-207

ics, as it can reveal cyclical patterns and the persistence of bloom events [64]. The208

ACF can identify seasonal patterns and long-term dependencies, while the PACF can209

help in determining the order of autoregressive processes that might be driving the210

chlorophyll-a dynamics.211

Moreover, the decay rate of the ACF can provide insights into the memory of the212

system. A slow decay might indicate long-range dependence, which has been observed213

in some ecological time series and can have important implications for forecasting and214

understanding ecosystem resilience [65].215
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2.2.4 Extreme Value Analysis216

We performed Extreme Value Analysis using the Block Maxima (BM) approach [66,217

67]. This method is well-suited for analyzing extreme chlorophyll-a events, which are218

often associated with HABs [68].219

LetX1, X2, ..., Xn be a sequence of independent and identically distributed random220

variables with a common distribution function F . Define Mn = max{X1, ..., Xn} as221

the maximum of this sequence. The distribution of Mn can be derived as:222

P (Mn ≤ z) = P (X1 ≤ z, ...,Xn ≤ z) = [F (z)]n (19)

As n → ∞, this distribution degenerates to a point mass at the upper end point223

of F . To obtain a non-degenerate limiting distribution, we can normalize Mn:224

P (
Mn − bn

an
≤ z) = [F (anz + bn)]

n → G(z) (20)

where an > 0 and bn are sequences of constants, and G is a non-degenerate distri-225

bution function. The Extremal Types Theorem states that if such a G exists, it must226

be one of three types: Gumbel, Fréchet, or Weibull. These three distributions can be227

combined into a single family, the Generalized Extreme Value (GEV) distribution:228

G(z) = exp{−[1 + ξ((z − µ)/σ)]−1/ξ} (21)

defined on {z : 1 + ξ(z − µ)/σ > 0}, where µ ∈ R is the location parameter, σ > 0229

is the scale parameter, and ξ ∈ R is the shape parameter. The shape parameter ξ230

determines the type of distribution:231

• ξ > 0: Fréchet distribution (heavy upper tail)232

• ξ < 0: Weibull distribution (bounded upper tail)233

• ξ → 0: Gumbel distribution (light upper tail)234

We fitted the GEV distribution using the Markov Chain Monte Carlo (MCMC)235

method implemented in the pyextremes package [69]. The Metropolis-Hastings algo-236

rithm was used with 500 walkers and 2,500 samples per walker. This Bayesian approach237

allows for a more robust estimation of parameters, particularly useful when dealing238

with limited data on extreme events [70].239

The MCMC algorithm generates samples from the posterior distribution p(θ|x),240

where θ = (µ, σ, ξ) are the GEV parameters and x is the observed data. The posterior241

is proportional to the product of the likelihood and the prior:242

p(θ|x) ∝ L(x|θ)p(θ) (22)

where L(x|θ) is the likelihood function and p(θ) is the prior distribution. The243

likelihood for the GEV distribution is:244

L(x|θ) =
n∏

i=1

1

σ
[1 + ξ(

xi − µ

σ
)]−1−1/ξ exp{−[1 + ξ(

xi − µ

σ
)]−1/ξ} (23)

Return periods were calculated using:245
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T (z) =
1

1−G(z)
(24)

where T (z) is the return period for the value z. The return level zp associated with246

the return period 1/p is:247

zp =

{
µ− σ

ξ [1− (− ln (1− p))−ξ] ξ ̸= 0

µ− σ ln (− ln (1− p)) ξ = 0
(25)

Return period analysis is crucial for coastal management, providing insights into248

the frequency of potentially HABs [71].249

This approach to extreme value analysis, combining theoretical foundations with250

Bayesian inference, allows for a robust characterization of extreme chlorophyll-a251

events, accounting for uncertainty in parameter estimation and providing a framework252

for risk assessment in coastal ecosystems.253

2.2.5 Machine Learning254

We employed the AutoGluon framework [25] for automated machine learning, lever-255

aging its ability to handle complex, non-linear relationships often present in ecological256

data [72]. Let D = {(xi, yi)}Ni=1 be our dataset, where xi ∈ Rd are the input fea-257

tures (including nitrate, phosphate, silicate, dissolved oxygen, total river discharge,258

rainfall, temperature, salinity, and solar radiation) and yi ∈ R is the target variable259

(chlorophyll-a concentration). We split D into training and test sets, Dtrain and Dtest,260

using an 80:20 ratio to ensure model generalizability [73].261

AutoGluon employs an ensemble of diverse models {fk}Kk=1, including neural net-262

works, gradient boosting machines, and random forests. The final prediction is a263

weighted average:264

ŷ =

K∑
k=1

wkfk(x) (26)

where wk are learned weights. The optimization problem can be formulated as:265

min
{fk},{wk}

L({fk}, {wk}) + λΩ({fk}, {wk}) (27)

where L is the loss function, Ω is a regularization term, and λ is a hyperparameter266

controlling the strength of regularization.267

We evaluated the model using various metrics, including Root Mean Squared Error268

(RMSE):269

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (28)

where yi are the observed values and ŷi are the predicted values. RMSE is par-270

ticularly useful in environmental modeling as it provides an interpretable measure of271

prediction accuracy in the same units as the response variable [74].272
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Feature importance was calculated using permutation importance:273

FIj =
1

K

K∑
k=1

L(y, f(X(j,k)))− L(y, f(X)) (29)

where L is the loss function, f is the trained model, X is the feature matrix, X(j,k)
274

is the feature matrix with feature j permuted in repetition k, and K is the number of275

repetitions [75]. This technique helps identify the most influential environmental fac-276

tors (such as nitrate, phosphate, silicate, etc.) driving chlorophyll-a dynamics, crucial277

for understanding and managing coastal ecosystems [76]. The statistical significance278

of feature importance can be assessed using a permutation test:279

pj =
1

M

M∑
m=1

I(FI
(m)
j ≥ FIj) (30)

where FI
(m)
j are permuted feature importance values and M is the number of280

permutations.281

To ensure reproducibility, we employed the Python ‘pickle‘ module to serialize and282

deserialize the trained model. The serialization process can be represented as:283

S : M → B (31)

where M is the model space and B is the binary file space. The deserialization284

process is the inverse:285

D : B → M (32)

such that D(S(m)) = m for any model m ∈ M. This allows us to save the trained286

model to a file and later reconstruct it exactly, ensuring consistent predictions across287

different environments or time points.288

The pickle file contains not only the model parameters but also the entire model289

structure, including the ensemble architecture and individual model hyperparame-290

ters. This comprehensive serialization ensures that all aspects of the model, including291

feature preprocessing steps and the weighted ensemble structure, are preserved.292

To further enhance reproducibility, we recorded the random seed used for data293

splitting and model initialization. Specifically, we set the random seed to 42. This seed294

value, when combined with the pickle file, allows for perfect replication of our results.295

This machine learning approach, combined with our time series analysis and296

extreme value modeling, provides a robust framework for analyzing chlorophyll-a con-297

centrations and their relationships with environmental parameters in Balikpapan Bay.298

By capturing both overall trends and extreme events in chlorophyll-a dynamics, we299

offer valuable insights for coastal management and ecosystem health assessment [77],300

with the added benefit of full reproducibility through our serialization approach.301

3 Results and Discussion302

The analysis of chlorophyll-a concentrations in Balikpapan Bay from 2019 to 2021303

revealed complex temporal dynamics and environmental relationships across multiple304
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time scales. Our findings progress from basic temporal patterns through advanced305

statistical characterizations to predictive modeling, providing insights into both typical306

conditions and extreme events in this tropical coastal system.307

3.1 Time Series Characteristics308

The daily chlorophyll-a time series (Fig. 2) exhibited substantial variability, ranging309

from 0.350 to 11.270 mg/m3, with a mean of 1.757 mg/m3 (SD = 1.099). This range310

exceeds typical values reported for similar tropical coastal systems [20], suggesting311

unique local forcing mechanisms. Two exceptional bloom events were recorded: 11.270312

mg/m3 on June 16, 2020, and 10.430 mg/m3 on November 9, 2019, both exceeding the313

99.9th percentile (5.87 mg/m3) of the distribution. These events significantly exceeded314

typical concentrations, representing potential HABs that warrant particular attention315

in the context of coastal management [34].316

Fig. 2: Time series of daily chlorophyll-a concentrations in Balikpapan Bay (2019-
2021). Daily observations are shown as points, with the two major HAB events
highlighted (11.270 mg/m3 on June 16, 2020, and 10.430 mg/m3 on November 9, 2019)

Descriptive statistics revealed a positively skewed (2.212) and leptokurtic (10.160)317

distribution, characteristic of biological populations subject to multiplicative growth318

processes. The first quartile (1.000 mg/m3), median (1.510 mg/m3), and third quar-319

tile (2.180 mg/m3) describe the typical range during non-bloom conditions [78]. This320

structure indicates that while the system maintains relatively stable background con-321

ditions most of the time, it is prone to occasional rapid increases in biomass that may322

represent significant ecological events.323

The temporal pattern shows evidence of both regular and irregular fluctuations,324

with the extreme events occurring during different seasons (June and November). This325
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timing suggests that bloom formation may be driven by episodic rather than purely326

seasonal forcing mechanisms [79]. The irregular spacing of extreme events indicates327

that simple seasonal or tidal cycles alone cannot explain the occurrence of high biomass328

events, pointing to the need for considering multiple environmental drivers in bloom329

prediction efforts.330

3.2 Seasonal and Statistical Patterns331

The seasonal analysis (Fig. 3) revealed distinct intra-annual patterns in chlorophyll-a332

concentrations, with maximum values occurring in May (2.110 mg/m3) and minimum333

values in July (1.340 mg/m3). This seasonal amplitude of 0.770 mg/m3 represents334

approximately 44% of the annual mean concentration, indicating substantial intra-335

annual variability. The timing of peak concentrations coincides with the transition336

period between the northwest and southeast monsoons, suggesting a strong influence337

of regional climate patterns on phytoplankton dynamics.338

Fig. 3: Monthly average chlorophyll-a concentrations in Balikpapan Bay. This graphic
demonstrates the highest concentrations in May (2.110 mg/m3) and lowest in July
(1.340 mg/m3)

The monthly progression exhibits an asymmetric pattern, with a relatively rapid339

increase from March to May followed by a more gradual decline into July. This asym-340

metry in the seasonal cycle suggests different mechanisms controlling the development341

and decline phases of phytoplankton populations [80]. The pre-peak acceleration phase342

might be driven by increasing light availability and water column stability, while343

the post-peak decline could reflect a combination of nutrient depletion and increased344

grazing pressure.345

The probability distribution of chlorophyll-a concentrations (Fig. 4) exhibited346

marked departures from normality, confirmed by both Shapiro-Wilk and D’Agostino’s347

K2 tests (p < 0.001). The strong positive skewness (2.212) and high kurtosis (10.160)348
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reflect the episodic nature of phytoplankton blooms and the multiplicative processes349

governing population growth [78]. This asymmetric distribution is particularly relevant350

for understanding the frequency and magnitude of potential HABs in the system.351

Fig. 4: Distribution of chlorophyll-a concentrations with kernel density estimation.
The distribution shows strong positive skewness (2.212) and high kurtosis (10.160),
characteristic of phytoplankton dynamics in coastal systems

The distribution shows a primary mode around the median (1.510 mg/m3), with352

a pronounced right tail extending beyond 11 mg/m3. This structure suggests two353

distinct regimes: a stable background state characterized by moderate concentrations354

and controlled by regular environmental forcing, and an extreme state associated with355

bloom conditions that may arise from the alignment of multiple favorable growth356

factors [81]. The gap between the 75th percentile (2.180 mg/m3) and the maximum357

observed value (11.270 mg/m3) underscores the exceptional nature of bloom events in358

this system.359

The kernel density estimation reveals subtle features in the distribution that might360

reflect distinct environmental states or phytoplankton community compositions. Mul-361

tiple small peaks in the density curve suggest potential sub-populations or different362

ecological regimes that could correspond to varying combinations of environmental363

conditions [82]. This complex distribution structure has important implications for364

modeling approaches, suggesting that simple parametric models may not adequately365

capture the full range of variability in the system.366

3.3 Temporal Correlation Structure367

The temporal dependence analysis through autocorrelation functions (Fig. 5) revealed368

significant persistence in chlorophyll-a concentrations. The ACF exhibits a gradual369
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decay pattern with significant positive correlations extending to approximately 15370

days, indicating that biomass patterns typically persist for about two weeks. The slow371

decay in autocorrelation suggests that the system possesses significant memory, where372

current conditions influence future states through both direct biological processes and373

environmental persistence.374

Fig. 5: Autocorrelation (ACF) and Partial Autocorrelation (PACF) functions for
chlorophyll-a time series. Blue shading indicates 95% confidence intervals, showing
significant temporal dependence extending to approximately 15 days

The PACF analysis revealed strong correlation at lag-1 (0.72) and significant but375

decreasing correlations at subsequent lags, particularly at 7 and 14 days. This pat-376

tern indicates both short-term persistence in daily concentrations and the influence377

of weekly to fortnightly cycles on chlorophyll-a dynamics. The lag-7 and lag-14 cor-378

relations suggest the importance of weekly and fortnightly tidal cycles in modulating379

phytoplankton biomass, a finding particularly relevant for coastal systems where tidal380

forcing plays a crucial role in nutrient dynamics and water column stability.381

The correlation structure provides important insights for monitoring program382

design and bloom prediction efforts. The two-week persistence of significant correla-383

tions suggests that sampling intervals shorter than two weeks are necessary to capture384

the full dynamics of the system, particularly during bloom development phases. More-385

over, the identified periodic components at weekly and fortnightly scales indicate386

that monitoring efforts should account for tidal phase in interpreting chlorophyll-a387

measurements [83].388
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3.4 Extreme Value Analysis389

The extreme value analysis using the Block Maxima approach with a 14-day block390

size identified 79 extreme events over the study period. The fitted GEV distribution391

converged to a Gumbel distribution with location parameter µ = 2.924 and scale392

parameter σ = 1.231, as evidenced by the MCMC analysis using 500 walkers and 2,500393

samples per walker (log-likelihood = -141.644, AIC = 287.446). However, critically,394

this model failed to capture the two most extreme HAB events (11.270 and 10.430395

mg/m3), indicating limitations in characterizing the most extreme blooms.396

The MCMC traces (Fig. 6b) demonstrate good convergence of the parameter esti-397

mates, with stable chains and effective mixing properties. The stability of these traces398

provides confidence in the basic parameter estimates, even though the model struggles399

with the most extreme events. This paradox - good convergence but poor represen-400

tation of the highest values - suggests that the statistical assumptions underlying the401

GEV framework may not fully capture the mechanisms driving exceptional blooms.402

(a) Block maxima analysis of extreme events
(b) MCMC traces for GEV parameters show-
ing convergence characteristics

Fig. 6: Extreme value analysis results for chlorophyll-a concentrations

The block maxima analysis (Fig. 6a) reveals a systematic pattern in the occur-403

rence of high-concentration events, but notably underestimates the magnitude of the404

two major HABs. This underestimation can be attributed to several factors: first, the405

assumption of regular extreme value behavior may not hold for biologically-driven406

extremes that involve complex feedbacks; second, the 14-day block size, while appro-407

priate for capturing general patterns, may smooth out the most intense short-duration408

events; and third, the relatively short time series (3 years) limits the model’s ability409

to characterize rare events robustly.410

The diagnostic plots (Fig. 7) provide detailed evidence of the GEV model’s perfor-411

mance and limitations. The return period plot (Fig. 7a) reveals significant deviation412

between observed and predicted values at the highest return periods, with the two413

major HAB events (11.270 and 10.430 mg/m3) lying well above the model’s predic-414

tions and their associated confidence intervals. This systematic underestimation of415

15



extreme events suggests that these exceptional blooms may represent a different statis-416

tical regime or result from compound effects not captured by standard extreme value417

theory.418

Fig. 7: Diagnostic plots for extreme value analysis: (a) Return period plot showing
observed exceedances and model predictions with 95% confidence intervals, (b) Proba-
bility density function comparison between empirical and fitted distributions, (c) Q-Q
plot for assessing model fit, and (d) P-P plot examining probability transformations.
Two dots with the longest return periods in plot (a) indicate the two HAB events
(11.270 and 10.430 mg/m3) that exceed model predictions

The probability density function comparison (Fig. 7b) demonstrates reasonable419

agreement between the fitted Gumbel distribution (location µ= 2.924, scale σ = 1.231)420

and empirical data for moderate extremes but shows clear divergence in the upper421

tail. This misfit is particularly evident in the Q-Q plot (Fig. 7c), where the departure422

from the diagonal line at high quantiles indicates that the chosen distribution family423

may not adequately represent the true probability structure of extreme chlorophyll-424

a events. The P-P plot (Fig. 7d) further confirms this pattern, showing systematic425

deviations in probability transformations for the highest values.426

The failure of the GEV model to capture these extreme HABs can be attributed427

to several factors: First, the assumption of asymptotic behavior in classical extreme428

value theory may not hold for biologically-driven extremes that involve complex feed-429

backs and threshold responses. Second, the block maxima approach with a 14-day430

window, while appropriate for capturing the general structure of extremes, may not431

adequately represent the rapid development and intense nature of exceptional bloom432

events. Third, the relatively short time series (3 years) limits the model’s ability to433

characterize very rare events reliably, particularly when these events may arise from434

unique combinations of environmental conditions.435
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3.5 Machine Learning Analysis and Environmental Controls436

The AutoGluon machine learning analysis employed a WeightedEnsemble L2 model437

that combines three base learners through the equation:438

ŷ = 0.462fExtraTreesMSE(X) + 0.346fCatBoost(X) + 0.192fLightGBMXT(X) (33)

where ŷ represents the predicted chlorophyll-a concentration and fi(X) denotes439

each base model’s prediction given input features X. This weighted combination440

achieved moderate predictive performance (RMSE = 0.868 mg/m3, R2 = 0.204) in cap-441

turing chlorophyll-a dynamics. The model’s architecture leverages the complementary442

strengths of each algorithm, with ExtraTreesMSE providing robust handling of non-443

linear relationships, CatBoost offering gradient-based optimization, and LightGBMXT444

capturing complex feature interactions.445

The relative contributions of the base models (Table 1) demonstrate the domi-446

nance of ExtraTreesMSE (46.2%) in final predictions, followed by CatBoost (34.6%)447

and LightGBMXT (19.2%). This weighting structure suggests that non-linear rela-448

tionships and complex interactions between environmental variables play crucial roles449

in determining chlorophyll-a concentrations [78]. The optimization of these weights450

through AutoGluon’s automated process ensures robust performance across different451

environmental conditions.452

Table 1: Performance characteristics of base models in Weighte-
dEnsemble L2. The ensemble combines three complementary algo-
rithms optimized for chlorophyll-a prediction

Model Component Weight Contribution (%) Role in Ensemble

ExtraTreesMSE 0.462 46.2 Non-linear relationships
CatBoost 0.346 34.6 Gradient boosting
LightGBMXT 0.192 19.2 Feature interactions

The feature importance analysis (Table 2) reveals a clear hierarchy of environ-453

mental controls dominated by physical factors. Temperature emerges as the strongest454

predictor (0.072, p < 0.001), followed by solar radiation (0.061, p = 0.002) and phos-455

phate (0.047, p < 0.001), suggesting that phytoplankton biomass in Balikpapan Bay456

is primarily regulated by physical conditions, with nutrient availability playing a sec-457

ondary but significant role. The moderate overall R2 value (0.204) indicates that458

while these environmental parameters explain a significant portion of chlorophyll-a459

variability, other unmeasured factors likely contribute substantially to the system’s460

dynamics.461

Critically, the trained model was serialized using pickle files, enabling potential462

future operational use for real-time predictions. This serialization preserves the exact463

state of the model, including all learned parameters, feature preprocessing steps,464
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Table 2: Environmental feature importance in chlorophyll-a predic-
tion showing hierarchical influence of physical and chemical factors

Environmental Factor Importance p-value Relative Contribution (%)

Temperature 0.072 <0.001 40.0
Solar Radiation 0.061 0.002 33.9
Phosphate 0.047 <0.001 26.1

and the weighted ensemble structure. The pickle files can be easily loaded for rapid465

deployment in operational monitoring systems:466

import pickle467

with open(’model.pkl’, ’rb’) as f:468

model = pickle.load(f)469

470

This approach ensures reproducibility and facilitates the model’s integration into471

automated monitoring systems. The serialized model can be regularly updated with472

new data, allowing for adaptive refinement of predictions as more observations become473

available. This capability is particularly valuable for developing early warning sys-474

tems for HABs, where rapid assessment of environmental conditions is crucial for475

management responses.476

The combination of moderate predictive performance (R2 = 0.204) and operational477

deployability through serialization suggests that while the model may not capture all478

aspects of chlorophyll-a variability, it provides a valuable tool for real-time monitoring479

and assessment. The ability to quickly process new environmental data and generate480

predictions could support adaptive management strategies, particularly during peri-481

ods when conditions favor bloom development. Future improvements could focus on482

incorporating additional predictors, especially those related to water column stability483

and nutrient cycling, to enhance the model’s predictive capabilities while maintaining484

its operational utility.485

4 Concluding Remarks486

This study provides a comprehensive statistical analysis of chlorophyll-a dynamics487

in Balikpapan Bay, Indonesia, offering crucial insights into the functioning of this488

tropical coastal ecosystem in the context of ongoing urban development. Our multi-489

faceted approach, combining classical time series analysis, extreme value modeling, and490

machine learning techniques, revealed complex temporal patterns and environmental491

drivers of phytoplankton biomass variability. The identification of key environmental492

drivers provides valuable guidance for ecosystem management in the face of climate493

change and urban development pressures associated with Indonesia’s new capital city494

development [2, 17]. Such understanding is particularly crucial given the bay’s strategic495

importance as a coastal area adjacent to the planned capital city of Nusantara.496

The analysis of extreme events and seasonal patterns establishes a critical baseline497

for future monitoring efforts, particularly relevant for the detection and prediction of498

harmful algal blooms in tropical coastal systems [13, 34]. The observed non-Gaussian499
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distribution and the failure of standard extreme value approaches to capture major500

HABs suggest that exceptional bloom events arise from complex interactions not ade-501

quately represented by current statistical frameworks. This finding, combined with502

our machine learning results, indicates that while we can explain a significant portion503

of chlorophyll-a variability through measured environmental parameters, substantial504

uncertainty remains in predicting extreme events. The establishment of this model505

framework provides a foundation for real-time monitoring and early warning systems.506

Several limitations of this study warrant consideration and point towards future507

research directions. The predictive performance of our models suggests the presence of508

unmeasured factors or complex non-linear interactions that current approaches cannot509

fully capture. Furthermore, our study period, while informative, may not fully cap-510

ture long-term variability in the system. Future research should focus on incorporating511

additional environmental parameters, particularly those related to water column sta-512

bility and nutrient cycling; developing specialized statistical frameworks for capturing513

extreme biological events; and extending the temporal coverage of observations to514

better understand long-term trends and climatological influences on phytoplankton515

dynamics in this rapidly changing coastal system.516
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