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Trends and persistence
In ocean acidification as
measured by station ALOHA

Guglielmo Maria Caporale?’, Luis Alberiko Gil-Alana**,
Nieves Carmona-Gonzalez® and Maria Fatima Romero-Rojo*

Department of Economics and Finance, Brunel University London, London, United Kingdom, 2Faculty
of Economics, and NCID, University of Navarra, Pamplona, Spain, *Facultad de Derecho, Empresa y
Gobierno, Universidad Francisco de Vitoria, Pozuelo de Alarcon, Spain

Ocean acidification, largely driven by the uptake of anthropogenic carbon
dioxide, is reflected in a sustained decline in seawater pH. This paper examines
the dynamics of surface-ocean pH at Station ALOHA over the period 1985-2024
using fractional integration methods, which allow for a flexible characterisation of
persistence and trend behaviour. The differencing parameter is estimated under
alternative assumptions concerning the error term, namely white-noise and
autocorrelated Bloomfield disturbances, and recursive estimation is used to
assess the evolution of the relevant parameters over time. The results show a
negative and statistically significant time trend in both the original and logged pH
series. The estimates of the differencing parameter are positive and significantly
different from zero in all cases, providing evidence of long-memory behaviour.
Under white-noise errors, the estimate of the differencing parameter is 0.89 and
the unit-root hypothesis cannot be rejected, whereas allowing for autocorrelation
yields an estimate of approximately 0.55, implying mean reversion with long-
lasting but transitory effects of shocks. Recursive estimates further indicate that
both persistence and the magnitude of the negative pH trend have increased over
time. These findings suggest that pH dynamics at Station ALOHA are
characterised by a persistent decline and slow adjustment following disturbances,
highlighting the importance of long-term ocean monitoring and modelling
approaches that account for fractional dependence. Nevertheless, the results
should be interpreted with caution because the analysis is based on a single long-
term record combining observational and reconstructed data.

KEYWORDS

fractional integration, ocean acidification, persistence, PH level, recursive estimation,
station ALOHA

1 Introduction

Ocean acidification, defined as a sustained decrease in surface water pH due largely to
the absorption of anthropogenic carbon dioxide (CO,), is one of the most apparent chemical
consequences of human activities for the ocean-atmosphere system (Friedlingstein et al.,
2025; Jiang et al., 2023; Steiner and Reader, 2024; Vasanth et al., 2025). It is worth noting
that pH is measured on a logarithmic scale, so small changes in pH values can have big
chemical significance. The seriousness of this problem is such that the UN has felt the need
to specify a Sustainable Development Goal to address it (14.3, “Minimize and address the
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impacts of ocean acidification, including through increased scien-
tific cooperation at all levels”). Long-term observations of seawater
pH have become a key indicator for assessing the chemical state of
the ocean (United Nations, 2025; Global Goals, 2023). Acidification
represents one of the main threats to marine ecosystems; therefore,
analyzing the properties of pH time series and their degree of
persistence allows for the identification of trends and the assess-
ment of acidification’s impact on the climate. Knowledge of
persistence is particularly useful for informing appropriate
policy responses.

The reduction in water pH may affect a variety of marine
organisms, including corals, molluscs and crustaceans, although the
magnitude and direction of these effects may vary across species and
ecosystems (Lemasson et al., 2017). This causes reef degradation, a
decline in fish species, and a reduced capacity of the ocean to absorb
CO,, which exacerbates climate change (Doney et al., 2009; Fabry
et al., 2008; Hoegh-Guldberg et al., 2017).

Ocean biogeochemical models project that, under the IPCC,
2000 A2 scenario, the pH of surface water could drop from its pre-
industrial value of around 8.2 to approximately 7.8 by the end of the
21st century, which would represent an increase of about 150% in
ocean acidity compared to levels at the beginning of the industrial
era (Feely et al., 2009). Further, the annual assessment of the Global
Carbon Project (Friedlingstein et al., 2025) estimated that global net
carbon uptake by the oceans was about 3.0 petagrams of Carbon
(PgC) per year, equivalent to about one-quarter of total anthropo-
genic CO, emissions. These data highlight the critical role of oceans
as carbon sinks, modulating the increase in atmospheric CO, and
directly affecting surface water chemistry, including acidification
and carbonate availability for calcifying organisms.

Various studies have reported a global average reduction in
surface pH in surface pH from the 1980s to the present, with global
estimates in the range of —0.06 to —0.08 pH units between 1985 and
2024, and spatial heterogeneity, with regions such as the equatorial
Pacific, the Southern Ocean, and parts of the Atlantic, where rates
exceed the global average (Lefévre et al,, 2016; Chau et al., 2024;
Vasanth et al., 2025). These estimates combine in situ observations
from local stations with hydrographic measurements of both the
multidecadal trend and seasonal and interannual variability
(Copernicus Marine Environment Monitoring Service, 2024).

Studies at reference stations document detectable changes since
the 1990s. The Hawaii Ocean Time-series Station ALOHA series
(Lukas et al, 2001) has shown a consistent decline in pH and
concomitant increases in CO, partial pressure (pCO,) and dis-
solved inorganic carbon (DIC), with seasonal structure and vari-
ability associated with local physical-biogeochemical processes and
the advection of water masses with different chemical histories
(Dore et al,, 2009; Byrne et al., 2010). Similarly, analyses of
hydrographic sections have documented pH decreases at the
basin scale and at different depths (Feely et al., 2009; Lefévre
et al., 2016).

However, despite the available evidence of a trending behaviour,
methodological challenges remain in characterising the evolution
over time of ocean pH. Most existing studies run linear regressions
of pH on a time trend, carry out slope analysis on annualised series,
or perform trend detection tests that control only partially for
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seasonality and first-order autocorrelation (Dore et al., 2009; Byrne
et al., 2010; Feely et al., 2009; Doney et al., 2009). These approaches
have been useful to provide evidence of acidification and its
ecological implications, but suffer from inherent limitations when
the series exhibit more complex dependency structures. For in-
stance, to identify long-term trends in the pH time series of coastal
water, Li et al. (2025) used a Generalized Additive Model (GAM),
before the Mann-Kendall trend test was applied (Gilbert, 1987).
They used the GAM model, which is a generalized linear model
containing a sum of smooth, nonparametric functions of covariates
(Wood, 2006), in order to remove short term fluctuations before the
M-K trend test. This is due to the fact that this test assumes that the
data points are not serially correlated over time, but pH exhibits
large seasonal and interannual variations. Finally, to calculate the
linear trends of the time series, Li et al. (2025) used the non-
parametric Theil-Sen estimator (also called Sen’s slope estimator)
(Wilcox, 2001).

In particular, pH series and the associated variables often
exhibit higher-order autocorrelation and long-memory behaviour.
The latter property, documented in oceanic and climatic variables
such as sea surface temperature or atmospheric CO, (Gil-Alana,
2005, 2019, 2024, 2025; Caporale et al., 2025, Martin-Valmayor
etal., 2025) implies that the effects of shocks persist for long periods
of time, as the adjustment dynamics are slower than those assumed
in conventional models based on the dichotomy between 1(0) or I
(1) series.! Therefore, the more recent literature argues in favour of
approaches that are more suitable to capture the temporal depen-
dence and persistence in acidification series (Sutton et al., 2022).
Specifically, in climate and biogeochemical systems the effects of
shocks may disappear very slowly without mean reversion occur-
ring. Consequently, a more general modelling framework should be
used. In the context of ocean acidification, a shock refers to any
exogenous perturbation affecting the behaviour of the observed
series. This may include changes associated with atmospheric CO,
concentrations, ocean circulation variability, climatic oscillations,
volcanic activity, or other environmental disturbances.

Although the Station ALOHA series is widely recognised as one
of the most important long-term observational records in ocean
acidification research, analysing it should be seen as a benchmark
case study rather than as a fully representative description of all
oceanic regions. Acidification dynamics may differ substantially
across coastal, polar, or upwelling systems due to regional physical
and biogeochemical conditions.

For these reasons, the present study applies fractional integra-
tion methods to analyse the ocean surface pH time series con-
structed as part of the Hawaii Ocean Time-series programme at
Station ALOHA for the period 1985-2024. It also examines the

1 Inbrief, an I(0) or integrated of order O process is a well-behaved one such
that valid statistical inference can be drawn. By contrast, an I(1) process
requires first-differencing to make it 1(0) and perform valid statistical tests. For
this reason, instead of working with the original data y(t), we use their first
differences, i.e, y(t) — y(t-1). In an oceanographic (time series) context, a series
(like sea level, water temperature or current speed) is stationary 1(0) if the
mean and variance are constant across time and the covariance between two
points in time does not depend on the specific location in time. It must also
satisfy the condition that the sum of its autocovariances is finite.
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stability of the relevant parameters by using recursive methods with
the aim of establishing whether or not the persistence in the series
has increased and its downward trends has become more pro-
nounced. The chosen framework, based on fractionally integrated
or I(d) processes, allows the order of differentiation d to take any
real values, including fractional ones, and can capture a wide range
of processes ranging from long-memory stationary (0< d< 0.5) to
non-stationary ones with highly persistent shocks (d > 1). Such an
approach sheds light on various properties of the data, such as their
degree of persistence, mean reversion, the adjustment speed to-
wards the long-run equilibrium, and the transitory or permanent
effects of shocks. Previous applications in climate science have
demonstrated its ability to describe accurately persistence in tem-
perature series (Gil-Alana, 2005), CO, emissions (Belbute and
Pereira, 2022), and polar temperatures (Caporale et al., 2025).

The structure of the paper is as follows: Section 2 discusses
further the phenomenon of ocean acidification and briefly reviews
the relevant literature on this topic; Section 3 outlines the method-
ology; Section 4 describes the data; Section 5 presents the empirical
results; Section 6 offers some concluding remarks.

2 Ocean acidification

Oceans play a crucial role in regulating atmospheric carbon
dioxide (CO,) levels by absorbing large quantities of it
(Friedlingstein et al., 2025; Gruber et al., 2023). When CO, enters
seawater, it dissolves and undergoes chemical reactions that pro-
duce bicarbonate ions (HCO;") and protons (H"). Therefore, it
leads to changes in the pH, which is a measure of the concentration
of hydrogen ions (H"), which is calculated as: pH = —log,o[H"].

Over thousands of years, changes in the ocean pH have been
naturally moderated by buffering agents such as carbonate ions
(CO3%"). According to Friedlingstein et al. (2025), the net global
uptake of CO, by the ocean, called ocean sink, has increased over
the years, being equal to 2.9 + 0.4 gigatonnes of carbon per year
(GtClyr), or (PgClyear), over the period from 2014 to 2023, this
representing approximately 26% of total CO, emissions. The
current pace of CO, absorption is too rapid for the natural buffering
systems to respond eftectively, resulting in substantial alterations to
ocean chemistry. These changes include shifts in the concentrations
of dissolved CO,, bicarbonate (HCO3), and carbonate ions (CO37),
along with a marked decrease in pH.

The increase of CO, oceanic uptake due to anthropogenic CO,
emissions is commonly referred to as ocean acidification (Caldeira
and Wickett, 2003). The International Panel on Climate Change
(IPCC, 2011) defined Ocean Acidification as “a reduction in the pH
of the ocean over an extended period, typically decades or longer,
which is caused primarily by uptake of carbon dioxide from the
atmosphere, but can also be caused by other chemical additions or
subtractions from the ocean”. Hence, it has become a major focus of
scientific research over the past two decades due to its potentially
severe impact on marine ecosystems and biodiversity (Doney et al.,
2009; Dore et al., 2009; Feely et al., 2004; Hoegh-Guldberg et al.,
2017; Kroeker et al., 2013; Shinjo et al., 2013; Leung et al., 2022).
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Since the Industrial Revolution, the average pH of the global surface
ocean has decreased by approximately 0.1 units, from 8.2 to 8.1
(Caldeira and Wickett, 2003; Orr et al., 2005; Iida et al., 2021). Jiang
et al. (2019) reported a similar global decline of —0.11 + 0.03 pH
units between 1770 and 2000. Most recently, Ma et al. (2023)
reported a trend in the global mean pH over the last four decades
(1982-2021) of —-0.0166 = 0.0010 per decade. This process is
primarily driven by the rising concentration of dissolved inorganic
carbon (DIC) in the surface ocean resulting from the uptake of
anthropogenic CO,, although it is partially moderated by fluctua-
tions in naturally occurring DIC.

Several authors have projected a further pH decrease by 2100 in
the range of —0.07 to —0.4 units, depending on the future RCP
(Representative Concentration Pathway)/SSP (Shared
Socioeconomic Pathways) scenarios (Feely et al., 2009; Bopp
et al., 2013; Gattuso et al.,, 2015; Kwiatkowski et al., 2020);.
Recently Jiang et al. (2023) reported a projection by the year 2100
of a pH decrease by 0.01, to 8.06 units under SSP 1-1.9, or by 0.39 to
7.68 units under SSP5-8.5, which is even lower than the previously
reported value of 7.74 under RCP8.5 based on the GFDL-ESM2M
model (Jiang et al., 2019). This difference arises from the different
assumptions about land use and energy consumption, which result
in higher atmospheric CO, projections throughout the 21st century
in the SSP scenarios used in CMIP6 compared to the RCP scenarios
in CMIP5 (Meinshausen et al., 2011, 2020; Steiner and Reader,
2024). Consequently, this leads to more pronounced surface ocean
acidification both globally and regionally (Kwiatkowski et al., 2020;
Terhaar et al., 2021). Moreover, according to Hartin et al. (2016) by
the year 2300, under a high-emission scenario (RCP 8.5), global
surface ocean pH is projected to decline dramatically by 0.77 to
7.50 units.

Most recently, Vasanth et al. (2025) used a multi-variate hybrid
machine learning approach to predict future pH trends within the
Pacific up to the next century. The analysis revealed a worrying
trend: the average pH declines from 7.85 (observed 1973-2021) to
7.84 (predicted 2022-2221). Despite appearing negligible, a 0.01
reduction in pH can have substantial ecological implications,
including the alteration of marine food webs and the degradation
of the Ocean ecosystem.

Surface warming has been shown to intensify the decline in
ocean pH, contributing approximately 15% to the global downward
trend (Ma et al., 2023). Therefore, the ongoing decline in seawater’s
calcium carbonate saturation state, occurring alongside ocean
acidification, is expected to hinder the ability of many marine
calcifiers to build their calcium carbonate shells and skeletons.
This process is projected to have a profound impact on ocean
ecosystems over timescales ranging from decades to millennia
(Gattuso et al., 2015; Orr et al., 2005; Kwiatkowski et al., 2016,
2020), it has become the focus of many international scientific
initiatives (https://www.nanoos.org/) and is one of the targets for
SDG14 (https://sdgs.un.org/goals/goal14). However, as already
mentioned, a branch of literature shows that studies aimed at
monitoring the surface ocean pH and predicting its values in the
future have some inherent limitations, as they are typically based on
a dichotomy between I(0) and I(1) series which is too restrictive for
most hydrological series. Therefore, the present study uses instead a
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more general fractional integration framework which is more
suitable to capture possible trends and persistence in the pH level
in the Station ALOHA.

3 Fractional integration

Many hydrological time series display a long memory pattern.
Hurst (1951, 1956, 1957) was the first to point out that under-
standing the long-term variability in the river Nile flow records and
other geophysical series required a different modelling approach
from previous ones. In the 1960s Mandelbrot and his co-authors
defined as the « Hurst effect » the phenomenon occurring when past
events have long-lived effects, a property also referred to as long-
range dependence or long memory. In particular, Mandelbrot and
Van Ness (1968) introduced the process known as fractionaal
Brownian motion and showed that fractional Gaussian noise
(fGn) could account for those features.

Long memory (LM) can be defined either in the time domain or
in the frequency domain. The former definition states that a
covariance stationary process x(t)% t =0, + 1, ... with mean W is
LM if the infinite sum of its autocovariances, defined as y(u) = E[(x
(t)-p) (x(t+u)- )], is infinite, as shown in Equation 1

Do Vul = o 1)

Alternatively, the frequency domain definition of LM states that
the spectral density function must have at least one pole or
singularity in the interval [0, 1), as shown in Equation 2, as follows:

f(A) > e, ford

There are many examples of geophysical series exhibiting these
features - see, inter alia, Stephenson et al. (2000), Gil-Alana (2005,
2008, 2017), Vyushin and Kushner (2009), Zhu et al. (2010),
Lennartz and Bunde (2009), Rea et al. (2011), Franzke (2010),
Yuan et al. (2013, 2022), Zhu et al. (2023) and Gil-Alana and
Carmona-Gonzalez (2024) in a climatological context, and Maftei
et al. (2016); Habib (2020), and Niu et al. (2023) in hydrology.

One possible approach to modelling LM processes is based on

in [0, 7). 2)

fractional integration. Specifically, a process is said to be integrated
of order d or I(d), where d can be a non-integer value, if it can be
expressed as follows in Figure 3:

(1 =L)%(t) = u(t), t=0,2%1,..., 3)

where L is the lag operator, i.e, Lfx(t) = x(t-k), and u(t) is
integrated of order 0 or I(0), also known as short memory and
characterised by a spectral density function that is positive and
bounded at all frequencies. This specification includes white noise
as well as weakly autocorrelated processes such as stationary
AutoRegressive Moving Averate (ARMA) ones.

If d is positive in Equation 3, x(t) displays the property of long
memory since its spectral density function can be formulated as

2 2 Acovariance stationary process is a process that has a constant mean, a
constant variance and a covariance function y(u) that depends only on the
time lag (u), not on the absolute time.
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follows in Equation 4:

2 d

o 1
f(l):E

l_eil

(4)

and it tends to infinity as A — 0" when d > 0. Using a binomial
expansion, the L polynomial in (3) can be expressed as follows in
Equation 5:

d o
1-D7 =37 -1yl
J

dd-1) , dd-1d-2) s

=1-dL - (5
+ : )
and thus Equation (3) can be re-written as in Equation 6 as
follows:
-1 -1)(d-2
x(t) =dx(t-1) — Mx(t -2)+ w&t -3)
— o+ u(t), (6)

In this context, d measures the degree of dependence (persis-
tence) in the data, with values of d smaller than 1 implying that
shocks have transitory effects (i.e., mean reversion occurs), whilst
values of d > 1 imply that shocks have permanent effects.

In an oceanographic context, it is important to know the value
of d for a given time series as larger values of d indicate that
disturbances affecting the pH series tend to persist for longer
periods of time and that the system adjusts more slowly to
shocks. However, it is worth noting that a high degree of persistence
should not be interpreted as evidence of physical irreversibility, but
rather as reflecting slow recovery dynamics.

The estimation of the differencing parameter is based on a
Lagrange Multiplier test that uses the likelihood function in the
frequency domain (Robinson, 1994). This approach allows to build
confidence intervals for the values of d at any given significance level,
and has been shown to be the most efficient method in the Pitman
sense (Pitman, 1949, 1979; Rothe, 1983) against local departures from
the null. An issue with this approach is that it is asymptotic (it is a
testing procedure with an asymptotical N(0,1) distribution) and the
sample size used in the application is very small. We deal with this issue
by computing the confidence intervals based on finite sample critical
values obtained by means of simulation as in Gil-Alana (2000).**

4 Data description

The time series used for the analysis is the Station ALOHA
observational record provided by the European Environment

3 3 For each estimation of d (and using different sample sizes in the
recursive approach below) we computed critical values based on 10,000
replications in each case. The confidence bands displayed in Figures 2-5 are
based on these critical values.

4 The linear structure imposed in Equation 7 might appear as a restrictive
assumption. However, when using alternative non-linear models incorporat-
ing Chebyshev polynomials in time, the coefficients were statistically insig-
nificant in all cases.
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Agency (EEA, 2025). It combines direct pH measurements from the
Hawaii Ocean Time-series (HOT) programme at Station ALOHA
with gap-filling calculations based on these data (Carter et al., 2016,
2018) as well as a global reconstruction of annual mean surface pH
values from CMEMS, obtained from an ensemble of Feed-Forward
Neural Networks (Chau et al., 2022) which exploit sampling data
gathered in the Surface Ocean CO, Atlas (SOCAT database)
(Bakker et al., 2016). We use annual data from 1985-2024, with a
total of 40 sample observations.

The ALOHA dataset includes in situ measurements and pH
estimates derived from dissolved inorganic carbon and total alka-
linity (Dore et al., 2009). Global mean surface pH values from the
Copernicus Marine Service are reconstructed using in situ and
remote sensing data. This indicator is available annually from 1985
to 2024 (the measurements being taken in January each year, which
is in fact a limitation in the sense that seasonal variability is then
lost), with individual yearly errors also being provided. The esti-
mated global mean surface seawater pH is based on alkalinity values
(obtained using the locally interpolated alkalinity regression (LIAR)
method as in Carter et al., 2016, 2018), surface ocean pCO,
(CMEMS product), and a gridded field of pH values computed
from CO, system calculations (van Heuven et al., 2011; Copernicus
Marine Service, 2021). Further details regarding this ocean moni-
toring indicator for ocean acidification can be found in section 2.10
of the Ocean State Report 4 (Gehlen et al., 2020). The pH series and
the corresponding logged series (both of which are examined below)
are plotted in Figure 1; they both exhibit a pronounced down-
ward trend.

Figure Al in the Appendix shows the correlograms and
periodograms of the original and first differenced data. We observe

10.3389/fmars.2026.1873334

through the correlogram of the original data that the values decay
very slowly, consistent with a nonstationary process. Similarly, the
periodogram displays the highest value at the lowest frequency.
Taking differences, the plots in the lower panel of the figure might
indicate stationarity though also evidence that might be consistent
with over differentiation.

5 Empirical results

The model used for the empirical investigation includes two
deterministic terms, namely a constant and a (linear) time trend.
This is standard in the time series literature on unit roots (Bhargava,
1986; Schmidt and Phillips, 1992) and fractional processes (Gil-
Alana and Robinson, 1997). The model is specified in Equation 7 as
follows:

yt)=a+B t+x(t), (1 -L¥x@t)=ut), t=1,2, .... (7)

where o and B are unknown parameters corresponding to the
constant and the coefficient on a linear trend respectively, and the I
(0) error term is assumed in turn to be a white noise and an
autocorrelated process, the latter as in the exponential spectral
model of Bloomfield (1973) which approximates AutoRegressive
(AR) structures.®3 Table 1 displays the coefficient estimates for both
the original and the logged data. It can be seen that under the
assumption of white noise errors the estimate of d is equal to 0.89
for both series and the time trend coefficient is negative and
significant in both cases. Further, the I(1) hypothesis cannot be
rejected since d = 1 is within the 95% confidence interval. When

a) Original data (pH)

8.12

8.10

8.08

8.06

8.04

8.02

8.00

b) Logged data (Ln(pH))

2.094
2.092
2.090
2.088
2.086
2.084
2.082
2.080

1 4 7 10 13 16 19 22 25 28 31 34 37 40

FIGURE 1

Time series plot of (a) the original pH data, and (b) the Logged pH data. The data are annual and cover the period from 1985 to 2024.
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TABLE 1 Estimated coefficients in the model given by Equation 7.

i) White noise errors

NEIES

Original data

d (95% band)

0.89 (0.72, 1.15)

Intercept (t-stat)

8.11090 (862.41)

Time trend (t-stat)

-0.00173874 (-16.59)

Logged data

0.89 (0.72, 1.15)

2.09321 (179.35)

ii) Autocorrelated (Bloomfield) errors

d (95% band)

Intercept (t-stat)

-0.00021541 (-16.56)

Time trend (t-stat)

Original data

0.55 (0.12, 0.96)

8.11222 (103.13)

-0.0017142 (-43.80)

Logged data

0.55 (0.15, 0.97)

2.09337 (214.74)

-0.00021270 (-43.68)

The values in brackets in column 2 and 3 are the t-statistics.

allowing for (weak) autocorrelation, the estimates of d are slightly
smaller (0.55), and, in contrast to the previous case, the null
hypothesis d = 1 is rejected in favour of mean reversion and
shocks with transitory though long-lasting effects. The time trend
coefficient is again negative and of the same size as in the white
noise case.

The most important feature of the results reported in Table 1 is
that the estimates of d are in all cases significantly higher than 0,
which supports the null hypothesis of long memory. Specifically, the
finding of persistence (indicated by the estimated positive d values)
implies that shocks, whether anthropogenic or natural, have long-
lived effects. From an oceanographic perspective, this property is
consistent with the strong physical and biogeochemical inertia of
the surface ocean, where mixing, ventilation, and chemical buffering
processes operate on longer timescales than those captured by
conventional linear models (Waugh et al., 2006).

Further, the evidence of long memory presented in Table 1
invalidates the estimates based on the assumption of I(0) errors,
which is something commonly used in the empirical time series
literature and whose results are reported in Table 2 - these
erroneously suggest a less pronounced negative trend, namely
they underestimate the severity of the acidification phenomenon.
This is due to the fact that, by overlooking the inherent persistence
of the series, classical methods filter part of the trend signal and

interpret it as noise. By contrast, fractional integration methods
allow the long-term component to be correctly identified, which
explains why the estimated [ coefficients are bigger in absolute
value when d is allowed to take any real value in the interval (0,1).
Thus, the actual decrease in pH, which is crucial to assessing the rate
of acidification, is more pronounced than traditional approaches
would suggest.

Next we analyse the stability of the coefficients reported in
Table 1 by carrying out recursive estimation of both d (persistence)
and [} (time trend), starting with a sample ending in 2005 and then
adding one observation at a time. The results for both the original
and the logged data and for both error specifications (white noise
and autocorrelation) are displayed in Figures 2-5.

It can be seen that the estimates based on the assumption of
white noise errors imply a monotonic increase in d and decrease
(increase in absolute value) in 3, namely an increasingly high degree
of persistence and a more pronounced downward trend in the pH
level. For instance, the recursive estimates of the differencing
parameter d increase from below 0.4 to above 0.8 over the sample
in the case of the original data. While the former implies mean
reversion, the latter characterises a situation when shocks have
almost permanent effects: a system with a high d responds much
more slowly to future reductions in emissions, which means that the
pH recovery will take longer even under strict environmental

TABLE 2 Estimated coefficients in the model given by Equation 7 with d = 0.

i) White noise errors

NEIES

Original data

d (95% band)

Intercept (t-stat)

8.11399 (147.87)

Time trend (t-stat)

-0.0017179 (-73.37)

Logged data

2.09359 (303.65)

ii) Autocorrelated (Bloomfield) errors

d (95% band)

-0.000210 (-72.53)

Time trend (t-stat)

Original data

d=0

Intercept (t-stat)

8.11399 (265.70)

-0.0017101 (-132.09)

Logged data

d=0

2.09359 (550.54)

-0.00021208 (-131.53)

The values in brackets in column 2 and 3 are the t-statistics.
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FIGURE 2

Recursive estimates of d and B. Original data and white noise disturbances. The black solid line shows the estimated values of (a) d and (b) 3, whilst
the red dash lines display the 95% confidence intervals. The horizontal axis shows the number of subsamples considered starting with the first one

ending in 2000 and then adding recursively one observation (year) at a time

policies. This increase in persistence in recent decades is likely to
reflect the sustained rise in CO, emissions and the progressive
accumulation of anthropogenic carbon in the upper layers of the
ocean. Further, the recursive estimates of 3, which over the sample
period increase in absolute value from around -0.0014 to -0.0017 in
the case of the original data, imply that the rate of acidification is
accelerating (Honisch et al., 2012).

Figures 4 and 5 report the corresponding estimates under the
assumption of autocorrelated (Bloomfield) errors. These confirm
the previous findings, namely they indicate a significant increase in
the degree of persistence in both series, the estimated values of d
increasing from around -0.5 to above 0.5 in the case of the original
series (though mean reversion holds across the sample). Besides, the
downward trend in the pH level again appears to have accelerated,
especially in the last decade, with the estimated coefficient increas-
ing in absolute value from around -0.0014 to -0.0018 in the case of
the original data. The negative values of d observed in the first
subsamples are clearly due to numerical instability caused by the
small number of observations used in these cases.

Frontiers in Marine Science

A final issue to be addressed is which of the two alternative
assumptions about the error term (white noise or autocorrelation) is
more appropriate for the data under examination. A direct com-
parison between the two specifications based on the likelihood
function support the uncorrelated approach; however, standard
likelihood criteria such as the AIC, BIC might be very sensitive in
the context of empirical applications involving fractional differen-
tiation. On the other hand, the fact that the estimates of d are
different in the two cases (0.89 with white noise residuals and 0.55
with autocorrelated ones) suggests that allowing for autocorrelation
might provide additional information about the memory properties
of the series. Further evidence of possible autocorrelation is pro-
vided by the plots of the residuals of the detrended and d-
differenced processes for both the original and logged data, together
with the associated correlograms (see Figure A2 and A3 in
Appendix 2). These results might be seen as supporting the
hypothesis of autocorrelation in the four series examined. We
also computed different ARFIMA(p, d, q) models for all values of
p and q smaller or equal to 3, and although these results (not
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Recursive estimates of d and B. Logged data and white noise disturbances. The black solid line shows the estimated values of (a) d and (b) B, whilst
the red dash lines display the 95% confidence intervals. The horizontal axis shows the number of subsamples considered starting with the first one
ending in 2000 and then adding recursively one observation (year) at a time

reported for reasons of space) were sensitive to the choice of these
values, all them support the hypothesis of long memory behaviour,
which appear to be a robust finding across alternative specifications.
While the estimated value of the differencing parameter varies
depending on the assumed error structure, all specifications support
substantial persistence in the Station ALOHA pH series.

6 Conclusions

In recent decades there has been increasing concern over ocean
acidification, namely the observed reduction in the pH level in the
Station ALOHA over an extended period of time, whose main cause is
the increase in carbon dioxide emissions in the atmosphere resulting
from human activities. Several empirical studies have analysed this
phenomenon and provided a sizeable a of evidence confirming that the
pH level in the oceans has been trending downwards over the years
(see, e.g., Caldeira and Wickett, 2003; Orr et al., 2005; [ida et al., 2021;
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Jiang et al,, 2019; Ma et al,, 2023). However, some of these studies have
used standard econometric models restricting the order of differenti-
ation of the series under examination to integer values.

By contrast, this paper applies fractional integration methods to
analyze the decrease in ocean surface pH using the annual Hawaii
Ocean Time-series Station ALOHA series for the period 1985-2024.
The chosen modelling framework is more general than standard
ones based on the I(0) versus I(1) dichotomy and sheds light on the
long memory and persistence properties, as well as on the possible
presence of trends, in the pH level in Station ALOHA record. The
results indicate that the series exhibit a negative and significant time
trend; however, whether or not the null hypothesis of a unit root is
rejected depends on the assumption made about the errors. The key
finding (when the errors are not incorrectly specified as I1(0)
processes) is the presence of long memory, which implies that the
effects of shocks are long-lived, regardless of whether or not mean
reversion occurs; in other words, the acidification observed today
reflects not only recent emissions, but also a historical legacy that
continues to affect the ocean system.
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FIGURE 4

Recursive estimates of d and B. Original data and autocorrelated disturbances. The black solid line shows the estimated values of (a) d and (b) B,
whilst the red dash lines display the 95% confidence intervals. The horizontal axis shows the number of subsamples considered starting with the first
one ending in 2000 and then adding recursively one observation (year) at a time.

Moreover, the recursive analysis indicates that both the degree of
persistence and the downward trend in the pH level have increased
over time. This is consistent with oceanographic evidence documenting
a progressive increase in anthropogenic CO, absorption and an
acceleration in acidification in various regional contexts.

These findings reinforce the importance of sustained mitigation
efforts and long-term ocean monitoring. The evidence of persis-
tence in the Station ALOHA series suggests that reductions in
emissions may take considerable time to be reflected in the
evolution of ocean acidification, pointing to slow adjustment
dynamics. In this context, the presence of long memory implies
that even significant reductions in emissions may not translate into
an immediate recovery, but rather into a gradual process over time.
Therefore, our results highlight the importance of adopting long-
term perspectives when analysing the potential effects of mitigation
policies on ocean acidification. However, these results should not be
seen as having direct quantitative policy implications, but rather as
evidence of persistent dynamics in ocean acidification processes.

Frontiers in Marine Science

Although the results provide clear evidence of persistence in the
pH dynamics of the Station ALOHA record, they should be
interpreted with caution when considering broader oceanic con-
texts. The analysis is based on a single long-term observational
series widely used as a benchmark in the ocean acidification
literature. However, persistence properties may vary across ocean
basins due to regional physical and biogeochemical conditions.

In addition, the dataset analysed combines direct observations
with reconstructed values obtained through gap-filling and model-
ling procedures. Although this approach makes it possible to
construct a consistent long-term series, it may also introduce
additional uncertainty into the analysis, which should be borne in
mind when interpreting the results.

Another limitation of the present study is that the analysis
focuses exclusively on the statistical properties of the pH series and
does not explicitly incorporate potential physical or biogeochemical
drivers of ocean acidification. Furthermore, uncertainty associated
with the underlying data is not explicitly quantified. Future research
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FIGURE 5

Recursive estimates of d and B. Logged data and autocorrelated disturbances. The black solid line shows the estimated values of (a) d and (b) B,
whilst the red dash lines display the 95% confidence intervals. The horizontal axis shows the number of subsamples considered starting with the first
one ending in 2000 and then adding recursively one observation (year) at a time.

could address these issues through multivariate approaches and
uncertainty propagation techniques.

Future research could extend the fractional integration analysis
carried out in the present study to examine additional long-term pH
time series from different ocean regions in order to assess the
robustness and spatial heterogeneity of long-memory behaviour in
ocean acidification processes.
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Appendix

FIGURE Al

Correlograms and periodograms of the original and first differenceddata
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Time series plots of the d-differenced detrended series. The series in the left and right panels are based on the original and logged data respectively.
The upper panels show the residuals of the detrended series once they are 0.89-differenced, whilst the lower panels plot the 0.55-differenced ones.
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FIGURE A3
Correlograms of the d-differenced detrended series. The series in the left and right panels are based on the original and logged data respectively.
The confidence bands correspond to (-1.96/4/T,1.96/4/T).
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