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Abstract. There is increasing demand to compare long-term biological observations with derived or measured carbonate 

chemistry data to characterize the biological consequences of ocean acidification (OA) in natural environments. Meeting this 15 

need calls for a standardized methodology by which to quantify and directly compare biological and carbonate chemistry 

change. Widdicombe et al. (2023) proposed a conceptual framework based on biological traits and paired biological-

chemical rate comparisons, but its practical implementation has remained unresolved.  

Here we operationalize that conceptual framework through a standardized analytical workflow that integrates heterogeneous 

biological observations with established OA time series methodology. The workflow addresses five analytical challenges 20 

that hinder comparison of long-term biological and OA records: 1) fundamentally different temporal structures of biological 

and OA time series, 2) heterogeneity of biological observations, 3) sparse and irregular biological sampling, 4) nonlinear 

biological trajectories, and 5) appearance–disappearance events that invalidate conventional relative change metrics. The 

workflow addresses these challenges through standardized biological grouping, annual aggregation, piecewise linear 

segmentation, normalization by ecological boundaries, and direct pairing of biological and chemical rates of change. 25 

We evaluated workflow performance using 36 synthetic biological time series generated by applying predefined 

temperature-pH-driven biological performance functions to a 108-year hydrodynamic-biogeochemical model simulation 

under the SSP3-7.0 emissions scenario. Biological rates estimated by the workflow closely agreed with the corresponding 

reference rates. Rate estimates remained similar across the two annual representations, and their relative ordering was largely 

preserved across contrasting site-specific temperature-pH transitions. These results demonstrate the robustness of the 30 

workflow under the tested patterns of abiotic forcing. 

The analytical workflow developed here operationalizes the conceptual approach of Widdicombe et al. (2023) by 

standardizing the estimation and comparison of rates of change in biological and carbonate chemistry time series. It supports 
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comparisons among compatible biological indicators while retaining the ecological context of each time series. The 

workflow does not establish causality; instead, it assesses the temporal coherence between long-term changes in candidate 35 

biological indicators of OA and concurrent changes in carbonate chemistry. It therefore provides a practical foundation for 

regional and global syntheses of biological responses to OA and other long-term abiotic stressors. 

1 Introduction 

The ocean is undergoing sustained physical, chemical, and ecological transformations driven by human-induced increases in 

atmospheric carbon dioxide (CO₂) concentrations. Among these transformations is a phenomenon called ocean acidification 40 

(OA), caused primarily by the uptake of atmospheric CO₂ by the surface ocean (Friedlingstein et al., 2026; Gruber et al., 

2019). This uptake alters seawater carbonate chemistry, lowers pH, and affects physiological and ecological processes 

(Gattuso and Hansson, 2011). These changes occur alongside other climate related stressors, including warming, 

deoxygenation, extreme events, and altered circulation, producing complex and spatially variable abiotic conditions (Gruber 

et al., 2021). In addition to atmospheric forcing, regional processes such as local biology and physiology, upwelling, 45 

freshwater inputs, and sea-ice dynamics modify the carbonate system (Qi et al., 2024; Schmidt et al., 2025; Wright‐

Fairbanks and Saba, 2022). Consequently, species and ecosystems are exposed to different levels of variability in carbonate 

chemistry depending on their habitat, behaviour, and geographical distribution, shaping their sensitivity to OA through local 

adaptation (Vargas et al., 2017, 2022). 

Despite decades of research (Ma et al., 2023; Yang et al., 2024, 2016), and the wealth of evidence that has been amassed 50 

from controlled laboratory and field experiments, the ability to detect and compare biological responses to OA across natural 

systems remains markedly limited (from OA-ICC biological response data compilation, last checked in July 2026; Yang et 

al., 2024). Although there are recognized regional restrains in capacity and data availability (Tilbrook et al., 2019), this 

limitation arises less from a lack of observations than from the absence of a consistent analytical framework for integrating 

biological time series and chemical observations of OA (Widdicombe et al., 2023). Previous approaches addressed the 55 

challenge of comparing responses across studies and systems by analysing the relative change from a defined baseline 

(Bednaršek et al., 2019; Busch and McElhany, 2016; Kroeker et al., 2013; Wittmann and Pörtner, 2013). Although useful for 

comparing effect magnitudes, baseline-relative change does not quantify concurrent rates of biological and carbonate 

chemistry change or their temporal relationship.   

Widdicombe et al. (2023) proposed a new conceptual framework, based on comparing rates of biological and carbonate 60 

chemistry change. The framework aims to detail the generality of biological impacts of OA by embracing the variety of 

different biological observations and data that could be available (Muller-Karger et al., 2018). However, practical application 

of this idea has remained limited by the absence of a standardized workflow for aligning, and joint analysis of biological and 

carbonate chemistry time series.  
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Recent efforts have substantially improved the standardization and precision of carbonate chemistry measurements and OA 65 

trend detection (Dickson et al., 2007; Riebesell and Gattuso, 2015; UNESCO/IOC, 2019). Sutton et al. (2022) established 

robust best practices for estimating long-term change from OA time series. In contrast, biological time series rarely follow 

standardized formats (Bayraktarov et al., 2019; Benson et al., 2022; Bowler et al., 2025), leading to widespread gaps in 

taxonomy, space, and time (Muller-Karger et al., 2018). The International Group for Marine Ecological Time Series 

(IGMETS) report (O’Brien et al., 2017) identified major gaps in biological monitoring consistency and emphasized the need 70 

for sustained quality-controlled observations. They revealed that long-term monitoring datasets may differ in sampling gear, 

counting method, analytical protocol, sampling depth, taxonomic resolution, and measurement units. IGMETS explicitly 

noted that such values are “not easily intercomparable, if at all”, but that time series analysis can still compare how variables 

change relative to themselves and to each other, provided that the method used within each time series remains internally 

consistent. The international community has focused considerable progress in standardizing biological observations. 75 

Harmonized observing frameworks, Essential Ocean Variables (EOVs), interoperable biodiversity databases, FAIR data 

practices, and community-endorsed best practices have improved the comparability, accessibility, and reuse of marine 

biodiversity observations (Canonico et al., 2019; Ingenloff et al., 2025; Klein et al., 2019; Lawrence et al., 2026; Muller-

Karger et al., 2018; Pearlman et al., 2021; Saeedi, 2026). However, mobilizing the scientific community to align sampling 

strategies with the principles defined in the EOV specification sheets remains a major challenge (Klein et al., 2019; Muller-80 

Karger et al., 2018; Saeedi, 2026), because temporal resolution and spatial extent of data collections remains limited 

(Kaplanis, 2023).   

Both biological and physicochemical observations provide complementary information about marine ecosystem state and are 

increasingly integrated within sustained ocean observing systems (Miloslavich et al., 2018; Smit et al., 2021). Carbonate 

chemistry time series are typically represented as continuous long-term trends after removing periodic variability (Bates et 85 

al., 2014; Bates, 2001; Sutton et al., 2022; Takahashi et al., 2009). Biological response trajectories, however, may include 

thresholds, delayed responses, phase shifts, and abrupt community reorganizations (Andersen et al., 2009; Bode, 2024; 

Conversi et al., 2015; deYoung et al., 2008). These contrasting temporal structures require distinct analytical treatment: 

physicochemical change is estimated over the full analysis window, whereas biological change may be estimated separately 

within temporal segments whose breakpoints are defined from the biological time series. Applying identical analytical 90 

assumptions to both domains could obscure biologically meaningful dynamics. 

Here we propose a standardized analytical workflow that operationalizes the conceptual framework developed by 

Widdicombe et al. (2023). Building on their trait-based approach, which organizes biological observations into five broad 

trait families applicable across most marine ecosystems, the workflow transforms heterogeneous biological observations into 

standardized biological rates of change that can be directly compared with rates derived from carbonate chemistry 95 

observations. It is designed to address five recurring analytical challenges: (1) the distinct analytical requirements of 

biological and physicochemical time series; (2) the inherent heterogeneity of biological variables, which limits direct 

comparison; (3) the unequal ability to resolve temporal dynamics resulting from sparse and irregular biological sampling; (4) 
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the potential for single linear trends to misrepresent nonlinear biological trajectories; and (5) undefined relative rates when 

trajectories begin or end at zero, as occurs during appearance and disappearance events.  100 

The objectives of this work are therefore twofold: (1) to formalize a methodological framework for integrating long-term 

biological and carbonate chemistry or, more broadly, biological and physicochemical time series (hereafter referred to as 

biotic and abiotic time series, respectively); and (2) to evaluate the performance of the proposed workflow using a controlled 

test case generated from model-derived data.  

To demonstrate and evaluate the workflow, we used 108 years of temperature and pH data generated by a coupled 105 

hydrodynamic-biogeochemical model. We paired six temperature performance functions with six pH performance functions 

to generate 36 noise-free biological response trajectories. We then added observational noise to create the corresponding 

synthetic biotic time series and applied the workflow to the paired biotic and abiotic data. Finally, we assessed its 

transferability across four contrasting site-specific temperature-pH transitions over the 108-year period, represented by two 

surface and two bottom-water time series. 110 

By translating a conceptual framework into an explicit analytical structure, this work provides a foundation for consistent, 

cross-site evaluation of biological responses to OA and supports the integration of biological indicators into long-term 

observing systems. As such, this methodology seeks to accelerate progress towards a comprehensive assessment of real-

world biological impacts that are wholly or partially driven by OA. 

2. Analytical workflow 115 

2.1 Conceptual analytical workflow 

The workflow consists of two principal analytical streams, biotic and abiotic, to accommodate these distinct analytical 

requirements between biotic and abiotic time series. In the abiotic stream, physicochemical change is represented by a 

continuous, long-term rate estimated after removing seasonal variability, capturing sustained forcing over the full 

observation period. In the biotic stream, biological change is represented as a sequence of, at maximum, two internally 120 

consistent linear segments, capturing non-linear and phase-dependent responses. In the end the estimated rates of change are 

paired together (Fig. 1). 

2.2 Scope of the abiotic component 

Preprocessing of the abiotic component of the framework follows established best-practice recommendations for the 

assessment of OA time series trends (Sutton et al., 2022). We therefore do not redefine OA trend methodology here.  125 

In general, abiotic observations should be collected at a sufficiently high temporal resolution to resolve seasonal and other 

dominant modes of natural variability before estimating long-term trends (Carter et al., 2019; Sutton et al., 2022, 2019; Turk 

et al., 2019). In highly dynamic coastal environments, more frequent observations may be required to characterize extreme 
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events and episodic variability associated with processes such as upwelling, river discharge, and biological metabolism 

(Vargas et al., 2022, 2017).  130 

 

Figure 1. Conceptual workflow for estimating and pairing biological and physicochemical rates of change. Biotic stream analyses 

biological time series; abiotic stream analyses carbonate chemistry and other physicochemical time series. RCbio – rate of change 

of a biotic variable; RCabio – rate of change of an abiotic variable; TDT – the trend detection time. 
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Following the best-practice recommendations of Sutton et al. (2022), the workflow proposed here removes the mean 135 

seasonal cycle using their deseasonalisation procedure before estimating long-term change. This procedure preserves 

interannual variability while removing recurring seasonal patterns. For each deseasoned abiotic time series, the workflow 

uses the Trend Detection Time (TDT) approach to estimate the time required to detect a statistically significant trend (Sutton 

et al., 2022; Weatherhead et al., 1998). It then calculates the rate of physicochemical change as the slope of a single ordinary 

least-squares linear regression fitted to the full deseasoned time series. 140 

2.3 Scope of the biotic component 

2.3.1 Problem overview 

Biotic observations may represent entity-level measured variables, such as taxonomic abundance, biomass, cover, or 

ecosystem process variables as productivity, phenological metrics, and community metrices, e.g., biodiversity indices and 

trophic richness. Each different set of biological observations can differ in their units, sampling designs, objectives, 145 

analytical protocols, ecological scope, and expected response dynamics. Therefore, several issues need to be addressed prior 

to the biological rate-of-change estimation. The issues can be largely classified into four main groups, covering: 1) 

impossible direct comparability of traits, 2) unequal ability to resolve temporal dynamics, 3) inadequacy of linear trend 

resolving complex dynamics, and 4) phenomena of appearance and disappearance of biological entities (Table 1). 

Table 1. Analytical challenges addressed by the proposed biological rate-of-change framework and the corresponding workflow 150 
solutions. 

Problem Cause Framework response 

Biological variables are not directly 

comparable 

Heterogenous time series designs Standardization into biological 

groups and traits 

Unequal ability to resolve temporal 

dynamics 

Irregular and infrequent sampling Aggregation to a common annual 

representation 

Single linear trends may misrepresent 

long-term change 

Non-linear ecological trajectories Segmentation into locally linear 

intervals 

Relative rates become undefined when 

trajectories start or end at zero 

Appearance and disappearance of 

biological entities 

Transformation to bounded 

relative metrics 

2.3.2 Standardization into biological groups and traits 

To operationalize the above concepts, we recommend first converting biological data into a tidy (long) format (Wickham, 

2016, 2014), and standardizing observations into analytical time series units before estimating rates of change. Each 

analytical unit is defined by two components: 155 
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(1) Biological group: the biological subject of assessment, whose response is evaluated through time. A biological group 

may have one or multiple categories. Depending on the dataset, a biological group may correspond to an entity-level 

biological variable, a community-level metric, or an ecosystem process variable, e.g., taxonomic group, functional group, 

size class, community-level metric, ecosystem process, or other biological variable, depending on the structure of the dataset. 

(2) Biological trait value: the observation, measurement, or derived metric used to characterize a biological group (e.g., 160 

abundance, biomass, calcification rate, pigment concentration, diversity index value). 

Each category of a biological group forms a unique trajectory of its biological trait value through the analysed time window, 

representing a single biological response to physicochemical change – the time series unit. The workflow estimates rates of 

change independently for each time series unit. 

2.3.3 Aggregation to a common annual representation 165 

The type of biological information that can be extracted from time series depends primarily on sampling frequency and 

biological group resolution. Finely resolved datasets support entity-specific interpretation, whereas more broadly aggregated 

biological groups may capture community or ecosystem dynamics. High-frequency datasets can support analysis of within-

year dynamics, such as bloom timing, bloom duration, seasonal succession, or phenological shifts. In contrast, low-

frequency datasets may not support reliable reconstruction of temporal dynamics and are better suited to aggregated state 170 

metrics, such as annual mean abundance, seasonal mean biomass, annual productivity, or time-integrated community 

indicators. Figure 2 conceptualizes the relationship between dataset structure and the level of ecological interpretation that 

can be supported. 

 

Figure 2. Conceptual relationship between sampling frequency, biological group resolution, and the level of ecological information 175 
that can be extracted from biotic time series. 

https://doi.org/10.5194/egusphere-2026-4577
Preprint. Discussion started: 20 August 2026
c© Author(s) 2026. CC BY 4.0 License.



8 

 

Within this framework we suggest generating one annual biological trait value per biological group. For example, depending 

on the ecological context and data informativeness of the data, researchers may use a single observation, the mean for a 

selected month, or a seasonal mean as the representative annual value. 

2.3.4 Segmentation into locally linear intervals 180 

To balance comparability and ecological realism, we suggest representing biological response trajectories as one or two 

internally consistent linear segments. Most time series are expected to remain adequately represented by a single trend. The 

two-segment limit is pragmatic: short, irregular, and highly variable biological records rarely support reliable estimation of 

multiple breakpoints, which may instead fit sampling noise or interannual variability. The pairwise linear segmentation 

approach follows the logic of segmented straight-line approximation and partition regression, in which an ordered trajectory 185 

is divided into contiguous intervals and separate linear models are fitted within each interval (Bellman and Roth, 1969; 

Guthery, 1974; Muggeo, 2003). For each biotic time series, the workflow evaluates two alternative representations: (i) a 

single full-period linear trend and (ii) a two-segment linear trajectory separated by one breakpoint.  

For a biological response trajectory defined as:  

{(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑛 ,            (1) 190 

where xi is calendar year, expressed as a numeric variable, and yi is the standardized biological trait value. Then the single-

segment model is: 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖 + 𝜀𝑖,           (2) 

where β0 is the intercept, β1 is the full-period slope of biological response, and εi is the residual error. 

For a candidate breakpoint τ, the time series are divided into two contiguous intervals: 195 

𝑆1 = {𝑥𝑖: 𝑥𝑖 ≤ 𝜏},            (3) 

𝑆2 = {𝑥𝑖 : 𝑥𝑖 > 𝜏}.            (4) 

The workflow then fits separate linear models within each segment: 

𝑦𝑖 = {
𝛼1 + 𝛽1𝑥𝑖 + 𝜀𝑖, 𝑥𝑖 ≤ 𝜏,
𝛼2 + 𝛽2𝑥𝑖 + 𝜀𝑖 , 𝑥𝑖 > 𝜏,

          (5) 

where α1 and α2 are segment-specific intercepts, and β1 and β2 are segment-specific change slopes. For each candidate 200 

breakpoint, the total residual sum of squares is calculated as: 

𝑆𝑆𝐸2(𝜏) = ∑ (
𝑥𝑖≤𝜏

𝑦𝑖 − 𝑦̂1,𝑖)
2 +∑ (

𝑥𝑖>𝜏
𝑦𝑖 − 𝑦̂2,𝑖)

2,        (6) 

where 𝑦̂1,𝑖 and 𝑦̂2,𝑖 are fitted values from the first and second segment models, respectively. 

The workflow defines the optimal breakpoint as the value minimizing the total within-segment residual error (Bellman and 

Roth, 1969; Guthery, 1974): 205 

𝜏∗ = arg𝑚𝑖𝑛𝜏𝑆𝑆𝐸2(𝜏).            (7) 

Selection between the single-segment and two-segment representations is based on the Bayesian Information Criterion 

(BIC), following the general principle of complexity-penalized change-point selection (Yao, 1988): 
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𝐵𝐼𝐶 = 𝑛 ln (
𝑆𝑆𝐸

𝑛
) + 𝑘 ln(𝑛),          (8) 

where n is the number of observations, SSE is the residual sum of squares, and k is the number of estimated parameters. The 210 

single-segment model uses (k=2), corresponding to the intercept and slope. The two-segment model uses (k=5), 

corresponding to two intercepts, two slopes, and the estimated breakpoint. The workflow accepts segmentation only when: 

BICtwo < BICsingle.            (9) 

If the two-segment model does not improve the BIC, or if either segment failed to satisfy the minimum data requirements for 

slope estimation, the workflow retains the full-period linear model. The resulting slope or slopes are used as biological rates 215 

of change for comparison with physicochemical rates over the corresponding time intervals. 

2.3.5 Transformation to bounded relative metrics for rate-of-change estimation 

The next step of the workflow is to quantify the rates of change using domain-specific procedures. In the biotic stream, the 

rates are calculated separately for each defined segment, while in the abiotic stream, a single rate is calculated once over the 

full aligned analysis window.  220 

For each biological respose segment 𝑠𝑖, spanning the interval [𝑥1,𝑠𝑖, 𝑥2,𝑠𝑖], the workflow estimates predicted biological trait 

values from the segment-specific linear model: 

𝑌̂𝑠𝑡𝑎𝑟𝑡,𝑠𝑖
𝑏𝑖𝑜 = 𝑎𝑠𝑖 + 𝑏𝑠𝑖𝑥1,𝑠𝑖 , 𝑌̂𝑒𝑛𝑑,𝑠𝑖

𝑏𝑖𝑜 = 𝑎𝑠𝑖 + 𝑏𝑠𝑖𝑥2,𝑠𝑖 ,        (10) 

where 𝑎𝑠𝑖and 𝑏𝑠𝑖denote the intercept and slope of the segment model. The absolute biological rate of change is calculated as: 

𝑅𝐶𝑠𝑖
𝑏𝑖𝑜 =

𝑌̂𝑒𝑛𝑑,𝑠𝑖
𝑏𝑖𝑜 −𝑌̂𝑠𝑡𝑎𝑟𝑡,𝑠𝑖

𝑏𝑖𝑜

𝑥2,𝑠𝑖
−𝑥1,𝑠𝑖

.           (11) 225 

Comparisons of biological change are restricted to biological response representing the same level of biological organization. 

To account for differences in units and magnitude, the workflow applies min–max normalization with the lower biological 

boundary fixed at zero (Asesh, 2022). For each fitted segment, the larger of the predicted values at its beginning and end 

defines the upper boundary. The normalized biological values therefore range from 0 to 1, while the corresponding biotic 

rate expresses annual change relative to the segment maximum: 230 

𝑅𝐶𝑠𝑖
𝑏𝑖𝑜(%) = 100 ×

𝑅𝐶𝑠𝑖
𝑏𝑖𝑜

𝑚𝑎𝑥(𝑌̂𝑠𝑡𝑎𝑟𝑡,𝑠𝑖
𝑏𝑖𝑜 ,𝑌̂𝑒𝑛𝑑,𝑠𝑖

𝑏𝑖𝑜 )
.         (12) 

In the abiotic stream, a single linear model is fitted to the deseasoned time series over the full aligned analysis window 𝑆0 =

[𝑥1,𝑆0 , 𝑥2,𝑆0]. From this model, predicted physicochemical values are calculated as: 

𝑌̂𝑠𝑡𝑎𝑟𝑡,𝑆0
𝑎𝑏𝑖𝑜 = 𝛼 + 𝜔𝑥1,𝑆0 , 𝑌̂𝑒𝑛𝑑,𝑆0

𝑎𝑏𝑖𝑜 = 𝛼 + 𝜔𝑥2,𝑆0 ,         (13) 

where ω is the full-period slope. In turn, the rate of change is calculated as: 235 

𝑅𝐶𝑆0
𝑎𝑏𝑖𝑜 =

𝑌̂𝑒𝑛𝑑,𝑆0
𝑎𝑏𝑖𝑜 −𝑌̂𝑠𝑡𝑎𝑟𝑡,𝑆0

𝑎𝑏𝑖𝑜

𝑥2,𝑆0−𝑥1,𝑆0
.           (14) 

The workflow retains abiotic rates in their native physical units per year. 

The next step is to pair each biotic rate per segment with the same full-window abiotic rate: 
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(𝑅𝐶𝑠𝑖
𝑏𝑖𝑜(%), 𝑅𝐶𝑆0

𝑎𝑏𝑖𝑜).           (15) 

Thus, a biotic time series represented by one segment yields one paired estimate. A time series represented by two segments 240 

yields two paired estimates, each containing a segment-specific biotic rate and the same full-window abiotic rate: 

(𝑅𝐶𝑠1
𝑏𝑖𝑜(%), 𝑅𝐶𝑆0

𝑎𝑏𝑖𝑜), (𝑅𝐶𝑠2
𝑏𝑖𝑜(%), 𝑅𝐶𝑆0

𝑎𝑏𝑖𝑜).         (16) 

3. Controlled test dataset for method demonstration 

3.1 Modelled temperature and pH time series and transition-window definition 

To evaluate the proposed framework under controlled conditions, we generated synthetic biotic time series with predefined 245 

temporal response trajectories within a defined abiotic transition window. We used temperature and pH as the abiotic 

drivers. 

The temperature and pH time series were derived from the coupled hydrodynamic-biogeochemical model NEMO-ERSEM 

(Butenschön et al., 2016; Gurvan et al., 2019) simulating the dynamic of the North Western European Shelf at 7 km 

horizontal resolution. The simulation used here covers the period 1993-2100 and it was forced using atmospheric forcing and 250 

lateral boundary condition from the Earth System Model CNRM-ESM2-1 (Séférian et al., 2019) under the emission scenario 

SSP3-7.0 (corresponding to a realistic high emission scenario). 

Method development was based on a single bottom-water time series from the Skagerrak (11.11°E, 58.53°N; hereafter Site 

1), which was used for generation of biological response trajectories, and framework evaluation. To assess robustness under 

contrasting abiotic conditions, an additional three modelled time series were included: surface waters from the same location 255 

in the Skagerrak (Site 2), bottom waters from the North Sea (2.33°E, 57.40°N, hereafter Site 3), and surface waters from the 

same North Sea location (Site 4). Due to the vertical discretisation of the water column in the model, surface waters values 

come from 0.5 m below the surface and bottom water data from 2 m above the seafloor (that is located between 230 m and 

240 m below the surface in all sites). These datasets introduced differences in seasonal variability and long-term OA 

trajectories, without considering local adaptation. 260 

For each site and abiotic driver, we defined the transition window using mean June conditions calculated for the first and last 

ten years of the simulation. Hydrogen ion concentration ([H⁺]) was additionally used for cross-station comparisons. 

3.2 Generation of biological response trajectories 

Generation of the simulated biological trajectories involved three distinct steps: definition of the driver-specific performance 

functions, computation of driver-combined biological response trajectories, and generation of nose-added synthetic 265 

biological time series from daily temperature and pH values. 

For each abiotic driver, we defined a simplified trapezoidal performance function defined by four thresholds: Xlow,0 is the 

value of the abiotic driver below which the performance curve is equal to 0, Xopt,min, Xopt,max are the lower and upper bound of 
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the optimal window where the performance curve is equal to 1, 𝑋ℎ𝑖𝑔ℎ,0 is the value above which the performance curve is 

equal to 0 again (Table A1, and Fig. A1a and b). The full June range determined the lower and upper zero-performance 270 

limits, whereas the transition window between the first- and last-decade mean June conditions determined the optimal 

plateau boundaries. 

For both temperature and pH, we defined six driver-specific performance functions (Fig.S1a and b): (T1 and P1) neutral, 

with optimal performance across the full abiotic transition window; (T2 and P2) hump-shaped, with a narrow optimum 

centred on the abiotic transition midpoint; (T3 and P3) positive, with the optimum located right after the end of the abiotic 275 

transition window; (T4 and P4) negative, representing the inverse pattern; (T5 and P5) threshold-positive, producing a rapid 

increase around the transition midpoint; and (T6 and P6) threshold-negative, producing the corresponding rapid decline. 

Pairing the six temperature-performance functions with the six pH-performance functions yielded 36 joint temperature-pH 

biological response trajectories.  

We assumed that temperature and pH affected normalized biological performance independently and multiplicatively. 280 

Consequently, each driver scales the performance remaining under the other: 

𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 𝐹𝑇 × 𝐹𝑃 ,           (17) 

where FT and FP are independently evaluated normalized performance values of temperature-performance and pH-

performance functions, respectively. Each value represents the proportion of potential biological performance retained under 

the corresponding driver. Combined performance therefore reaches 1 only when both drivers permit maximum performance, 285 

whereas a value of 0 for either driver produces zero combined performance. This separable co-limitation formulation does 

not allow temperature to modify the pH-response function, or vice versa. It was used as a bounded null model for generating 

controlled synthetic trajectories rather than as an organism-specific model of multiple-driver effects. 

Each pair of combined performance functions produced a two-dimensional temperature-pH performance surface in which 

each point represents the relative suitability under specific abiotic conditions (Fig. A1c). The modelled abiotic transition 290 

window then defined a directional path through the performance surface, connecting the mean conditions at the beginning 

and end of the simulation period (the black arrows in Fig. A1c).  

Each of the 36 temperature-pH performance surfaces defined relative biological performance as a function of temperature 

and pH. To generate the noise-added synthetic biological time series, we evaluated each performance surface function using 

the daily temperature and pH values from the modelled abiotic time series throughout the 108-year simulation: 295 

𝑃𝑗,𝑡 = 𝐹𝑗(𝑇𝑡 , 𝑝𝐻𝑡), 𝑗 = 1,… , 36.          (18) 

The resulting daily biological performance values retained the seasonal and short-term variability present in the abiotic 

inputs. For workflow demonstration and evaluation, we used mean June performance as the annual biological representation 

(Fig. A2). To assess the influence of annual sampling representation on long-term rate estimates, we compared rates derived 

from mean June performance with those derived from performance on 1 June. For the subsequent cross-site comparison, we 300 

generated noise-free biological time series by evaluating the same surface functions along the corresponding deseasoned 

temperature and pH trends of all four sites. 
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3.3 Framework performance evaluation design 

Because the biological response trajectories were known, they provided reference quantities against which the workflow 

estimates could be evaluated. We compared the workflow-estimated rates with the corresponding reference rates, and the 305 

estimated breakpoint years versus the predefined ones. 

We quantified the agreement between the reference and the estimated rates evaluating its regression slope, intercept, 

coefficient of determination (R2), and root mean square error (RMSE). Because the method also estimates breakpoint timing, 

we additionally calculated the median absolute breakpoint error to evaluate accuracy of breakpoint estimation. The 

breakpoint error was calculated as the absolute difference between the reference and estimated breakpoint year. 310 

We evaluated the annual aggregation step by comparing rates reconstructed from mean June performance with those 

reconstructed from performance on 1 June. Applying the Bland-Altman analysis (mean difference ± 1.96 SD, where SD is 

the standard deviation of the paired differences), we quantified systematic agreement between the two annual 

representations, while RMSE summarized the average magnitude of disagreement. 

Finally, we assessed whether the relative ordering of biological rates remained consistent across sites with contrasting long-315 

term temperature and pH transitions. We retained the same driver-specific performance-function shapes at all sites but 

recalculated their numerical parameters from each site-specific temperature and pH time series. We estimated and ranked the 

biological rates within each site and calculated pairwise Spearman rank correlations between sites. These correlations 

quantified the extent to which the relative ordering of biotic rates was preserved across contrasting site-specific transitions. 

All workflow implementation, response scenario generation, statistical analyses, and visualization were performed in R 320 

version 4.5.1 (R Core Team, 2025). Biotic and abiotic rates of change were calculated using RoC workflow tool, developed 

within this study and is now available from the project's GitHub repository (https://github.com/OAPoCfNRS/RoC-tool). 

4. Method demonstration 

4.1 Deseasoned abiotic trends  

Deseasonalisation removed the seasonal signal while preserving the long-term trajectories used for rate estimation (Fig. 3). 325 

Hydrogen ion concentration ([H⁺]) followed the expected nonlinear increase because of the logarithmic relationship between 

pH and proton concentration. Consequently [H+] exhibited longer TDT (19 years) than it was for pH. The pH time series 

showed a monotonic decline with a short trend detection time (TDT = 12.3 years), whereas temperature exhibited 

substantially higher seasonal variability and a longer TDT (46.6 years), indicating slower emergence of the long-term signal 

despite a clear warming trend. Corresponding deseasoned trends for Sites 2-4 are shown in Fig. A3-5. 330 
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Figure 3. Deseasoned long-term trajectories of (A) temperature (°C), (B) hydrogen ion concentration ([H⁺], mol L-¹), and (C) pH at 

Site 1 for 1993-2100. Light-blue points show the original model output, black points show monthly means, and red points show the 

corresponding deseasoned monthly mean values. Solid dark red lines represent the estimated long-term trends. The trend 

detection time (TDT) is represented in years.  335 

4.2. Linear segmentation results 

4.2.1. Estimation of biological response trajectory   

Figure 4 illustrates how the temperature-pH performance surfaces presented in Fig. A1c were translated into temporal 

biological response trajectories and subsequently analysed by the workflow. The six examples combine the neutral 

temperature-response function (T1) with each of the six pH-response functions (P1-P6) and therefore correspond to the six 340 

performance surfaces in the top row of Fig. A1c. For each trajectory, the left panel shows the reference performance 

trajectory along the Site 1 abiotic transition window, the middle panel shows its noise-free segmented fit, and the right panel 

shows the noise-added simulated biotic time series and their segmented fit. 

The fitted models generally preserved the main direction and phase structure of the simulated trajectories. Monotonic 

trajectories (T1-P3 and T1-P4) retained their expected direction and approximate slope, whereas the hump-shaped trajectory 345 

(T1-P2) was represented by two response phases separated by a breakpoint near the central optimum. For the threshold-like 

trajectories (T1-P5 and T1-P6), the principal pre- and post-breakpoint phases were generally identified, although the 

estimated secondary-segment slopes sometimes deviated from their reference values.  
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 350 

Figure 4. Translation of temperature-pH performance surfaces into simulated biological trajectories and segmented fits at Site 1. 

The six rows combine the neutral temperature-response function (T1) with the six pH-response functions (P1-P6) and correspond 

to the six surfaces in the top row of Figure A1. (A) The left column shows the reference performance profile along the Site 1 start-

to-end temperature-pH transition path shown in Figure A1. (B) The middle column shows the resulting noise-free temporal 
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trajectory (blue) and its fitted linear or one-breakpoint model (black). (C) The right column shows the corresponding noise-added 355 
simulated biological time series (blue) and fitted model (black). Vertical dashed lines indicate estimated breakpoints.  

The same comparison for the remaining biological response trajectories is presented in appendix Figures A6-10. Monotonic 

responses (e.g., T1-P3, T3-P3, T1-P4 and T3-P4) reproduced the expected response direction and overall slope, while hump-

shaped responses (e.g., T1-P2, T3-P2 and T5-P2) preserved both response phases, placing the breakpoint at the transition 

between them at the plateau area. Threshold responses in most cases reconstructed the dominant trajectory regimes, however 360 

a certain discrepancy occurred after breakpoint transitions (e.g., T1-P5, T1-P6, T5-P5 and T5-P6), the secondary segment 

frequently deviated from the expected slope, particularly in T5-P5 and T5-P6. 

4.2.2. Segmentation validation 

The framework estimated biotic rates that closely agreed with the corresponding reference rates across the simulated 

response scenarios. (Fig. 5a). Estimated and reference rates showed strong agreement (R² = 0.969, RMSE = 0.002, Table 365 

A2), with a regression slope of 0.92 and an intercept close to zero (-0.0007), indicating only minor systematic 

underestimation of the highest rates. Agreement was maintained across all response trajectories. The largest deviations from 

the 1:1 relationship occurred only for trajectories with the strongest positive and negative rates, whereas intermediate 

responses were reconstructed almost exactly. 

 370 

Figure 5. Validation of the segmentation framework showing (A) agreement between estimated and reference biological rates, (B) 

breakpoint estimation error, and (C) comparison of annual aggregation methods. 
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The framework estimated breakpoint with lower precision than biotic rates (Fig. 5b). Across the 17 segmented trajectories, 

the median absolute breakpoint error was 13 years (mean = 11.6 years, Table A2), corresponding to 12% of 108 years 

analysis window. Breakpoint errors varied among response trajectories and were largest for pronounced hump-shaped and 375 

threshold responses, whereas response trajectories with a smaller difference between the pre- and post-breakpoint slopes 

generally showed smaller breakpoint errors.  

The choice of annual representation had little influence on estimated biotic rates (Fig. 5c). Rates based on performance on 1 

June closely agreed with those based on mean June performance. The mean difference between the two representations was 

0.003, and the RMSE was 0.009 (Table A2). Most differences clustered around zero, while larger deviations were limited to 380 

a few trajectories with the strongest positive rates. Under the tested simulation conditions, the fixed-date annual 

representation therefore produced long-term rate estimates like those obtained using the June-mean representation. 

4.3 Cross-station transferability 

Estimated rates of segmented biological trajectories showed broadly similar patterns across the four site-specific abiotic 

transitions, although their magnitudes varied among sites (Fig. 6). For the cases with the neutral temperature response (T1), 385 

the monotonic increasing and decreasing phases generated by T1-P3 and T1-P4 remained clearly distinct across all sites. The 

hump-shaped combination T1-P2 produced increasing and declining phases on opposite sides of its optimum, whereas the 

threshold-like combinations T1-P5 and T1-P6 produced a changing phase and a near-zero plateau phase.  

 

Figure 6. Biotic rates of change paired with full-period abiotic rates (temperature in °C and [H+] in mol L-1) across four simulated 390 
sites. The colour key highlights only trajectories with fixed neutral temperature-performance function in combination with six 

variants of pH-performance functions, similar as in Figure 4. 
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Across all 36 joint temperature-pH biological response trajectories, the ranking of estimated segment rates was largely 

preserved among sites (Spearman's ρ = 0.66 - 0.95; Table A3). Rank correlation was highest between Sites 1 and 3 (ρ = 0.95, 

p < 0.001) and lowest between Sites 1 and 2 (ρ = 0.66, p < 0.001), indicating that most pH-specific responses retained a 395 

similar relative position despite site-specific differences in rate magnitude.  

5. Discussion 

5.1. Addressing distinct analytical requirements between biotic and abiotic time series  

Monitoring combines two fundamentally different types of observations. Physicochemical variables generally evolve as 

continuous long-term trajectories that can be described using established trend-analysis approaches, whereas biological 400 

responses are often heterogeneous, nonlinear, and phase-dependent. The framework presented here addresses this asymmetry 

by combining continuous abiotic trend estimation with segmented biotic rate estimation, thereby operationalizing the 

conceptual framework proposed by Widdicombe et al. (2023). Rather than redefining OA methodologies, it integrates 

existing best practices for OA time series analysis (Sutton et al., 2022) with a standardized biotic workflow that enables 

direct comparison of biotic and abiotic rates of change. The following discussion considers the principal methodological 405 

decisions underlying this approach, their implications, and their current limitations. 

5.2. Standardizing heterogeneous biological observations 

Biological monitoring data remain highly heterogeneous despite ongoing international efforts toward standardization 

(Bayraktarov et al., 2019; Benson et al., 2022; Bowler et al., 2025; Grenié et al., 2023; Klein et al., 2019; Muller-Karger et 

al., 2018). Consequently, absolute values of biological indicators are often not directly comparable across monitoring 410 

programmes. Nevertheless, changes within these time series can be compared when each series is analysed consistently 

relative to its own scale (O'Brien et al., 2017). Building on the conceptual framework of Widdicombe et al. (2023), we 

therefore standardize observations into biological groups and traits and express responses as rates of relative biological 

change. This provides a common analytical framework for comparing heterogeneous biological indicators while preserving 

the ecological meaning of individual time series. 415 

Standardization also requires a common temporal representation. The framework therefore represents each biotic time series 

by one standardized value per year, derived either annually or within a consistent seasonal sampling window. This approach 

is consistent with previous ecological monitoring studies that have used annual indices or anomalies to quantify long-term 

biological change (Brien et al., 2017; Fewster et al., 2000; Knape, 2016; Mackas et al., 2012, 2001; Yebra et al., 2022). 

However, this approach is appropriate only for variables that provide an ecologically meaningful long-term state indicator at 420 

that temporal resolution. Variables describing short-lived physiological responses, episodic events, or within-year timing 

should be excluded unless they can be converted into comparable annual indices. 
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Our validation showed that, within the tested simulated scenarios, rates estimated from performance on 1 June closely 

matched those derived from mean June performance. This demonstrates agreement between two annual representations 

within the same predefined seasonal window, not that one observation per year is generally sufficient. The appropriate 425 

temporal aggregation is likely to depend on the taxon, trait, ecological process, site, and seasonal dynamics and cannot 

necessarily be determined a priori. Higher-frequency observations are therefore required to characterize seasonal variability, 

identify and validate a representative sampling window, and detect changes in phenology or seasonal succession. A single 

standardized annual observation should be used for long-term rate estimation only when its biological representativeness has 

been established using ecological knowledge or higher-frequency data. This result concerns the analysis of existing low-430 

frequency records and should not be interpreted as justification for reducing monitoring frequency. 

5.3. Representing nonlinear biological response trajectories 

A central challenge in biological rate-of-change analysis is that ecological trajectories are rarely monotonic. Linear 

regression and non-parametric approaches such as the seasonal Mann–Kendall test provide robust estimates of long-term 

monotonic trends (O'Brien et al., 2017; Hirsch et al., 1982). Despite this strength, these approaches may average across 435 

ecologically distinct response phases when biological trajectories exhibit delayed responses, abrupt transitions, or regime 

shifts driven by interacting environmental and ecological processes (Andersen et al., 2009; Bode, 2024; Conversi et al., 

2015; deYoung et al., 2008). 

Flexible approaches such as Generalized Additive Models (GAMs) and Generalized Additive Mixed Models (GAMMs) 

reconstruct complex nonlinear trajectories and identify periods of changing response (Fewster et al., 2000; Knape, 2016; 440 

Simpson, 2018). However, because these models produce continuously varying slopes, they do not naturally yield a single 

biological rate that can be directly compared with physicochemical change over the same period. 

Pairwise regression provides an alternative by partitioning trajectories into locally linear phases separated by estimated 

breakpoints  (Muggeo, 2003; Tomal and Ciborowski, 2020; Toms and Lesperance, 2003). Our implementation adopts this 

general philosophy but is designed specifically to estimate comparable biotic and abiotic rates of change rather than to 445 

reconstruct complete ecological trajectories. By selecting the simplest representation supported by the data, the framework 

preserves the dominant structure of biological responses while producing standardized segment-specific rates that can be 

paired directly with continuous abiotic trends. We deliberately restricted the analysis to a single breakpoint, reflecting the 

primary objective of identifying comparable long-term rates rather than resolving every ecological transition. 

5.4. Validation of the framework 450 

The validation of the workflow performance demonstrated that a simplified one-breakpoint representation was sufficient to 

estimate the dominant biological rates of change across a broad range of simulated biological response trajectories. Despite 

stochastic variability and nonlinear ecological trajectories, estimated biological rates closely matched the reference rates, 

indicating that the framework retained the information required for biological-OA rate comparisons. 
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Importantly, rate estimates were considerably more accurate than breakpoint-location estimates. This behaviour is expected 455 

because segmented regression generally estimates slopes more robustly than breakpoint positions, particularly when several 

neighbouring breakpoints produce similarly good model fits (Muggeo, 2003; Toms and Lesperance, 2003). Under these 

conditions, different breakpoint locations may yield nearly identical segment slopes, making breakpoint timing inherently 

less identifiable than the associated rates of change. Consequently, accurate estimation of segment-specific rates is more 

important for comparative rate analysis than precise identification of the breakpoint year. 460 

5.5. Controlled validation using response surfaces 

The framework validation was based on biological response trajectories generated from simplified temperature-pH 

biological response surfaces. We adopted a multiplicative formulation because it provides a simple, internally consistent 

representation of co-limitation and enables systematic evaluation across a broad range of predefined response trajectories. 

Similar multiplicative formulations are widely used in ecological and biogeochemical models (De Groot, 1983; Poggiale et 465 

al., 2010; Shearer et al., 2015; Vadas and Orth, 2001). We do not suggest that biological responses to OA and warming are 

generally multiplicative. The effects of multiple physicochemical drivers on biological responses are often additive, 

antagonistic, synergistic, or otherwise nonlinear, depending on the species, biological process, and environmental context 

(Diamant et al., 2023; Rynkowski et al., 2025). The objective of the simulations was therefore not to reproduce ecological 

mechanisms, but to provide controlled and interpretable trajectories for evaluating the performance of the analytical 470 

framework. The simulations test performance under known, biologically plausible trajectory structures, but do not represent 

the full complexity or range of rates encountered in natural systems. Application to observed biological and carbonate 

chemistry time series is the next stage of framework evaluation. 

5.6. Uncertainty in segmented trajectory reconstruction 

Trajectory estimation revealed a systematic reduction in the accuracy of secondary segment slopes, particularly in threshold-475 

type responses. Although the dominant ecological transition was consistently preserved, post-breakpoint trends were 

reconstructed less accurately than the corresponding pre-breakpoint trends. This pattern was supported by significantly larger 

slope errors for the second segment than for the first (Wilcoxon test, p = 0.023; Table A4). 

Because breakpoint location and segment slopes are estimated jointly, the uncertainty in breakpoint estimation inevitably 

contributes to the uncertainty in the estimated slopes (Bellman and Roth, 1969; Guthery, 1974; Muggeo, 2003). Within our 480 

simulations, however, the secondary slope error could not be explained by the breakpoint error, segment duration, expected 

slope magnitude, slope contrast, or the number of observations assigned to the reconstructed segment (Table A4). Instead, 

the results suggest an inherent limitation of segmented regression under realistic observational variability, whereby the 

uncertainty associated with estimating the breakpoint disproportionately affects the following segment. 

Consequently, estimated breakpoints should be interpreted as approximations of the dominant ecological transition period 485 

rather than precise biological tipping points (Andersen et al., 2009; Toms and Lesperance, 2003). Incorporating confidence 

https://doi.org/10.5194/egusphere-2026-4577
Preprint. Discussion started: 20 August 2026
c© Author(s) 2026. CC BY 4.0 License.



20 

 

intervals around breakpoint estimates represents a logical extension of future versions of the framework (Muggeo, 2017; 

Tomal and Ciborowski, 2020). 

5.7. Comparability across biological groups 

Marine ecosystems are not closed systems and long-term biological time series frequently include genuine appearance and 490 

disappearance events that should be retained rather than treated as missing observations (Blasco‐Moreno et al., 2019; 

Dumelle et al., 2025). Such trajectories create a mathematical difficulty for relative-change metrics because proportional 

change is undefined when the initial value is zero.  

Existing transformations, including relative abundances, log-ratio methods, Hellinger transformation, and presence-absence 

approaches, were primarily developed for compositional analyses or to satisfy statistical assumptions rather than to estimate 495 

comparable rates of biological change (Bellier, 2012; Egozcue et al., 2003; Legendre and Gallagher, 2001). Min-max 

normalization is one of most prevalent scale normalizing approaches used in time series preprocessing (Asesh, 

2022). Ranking each change relative to its observed maximum preserves ecologically meaningful appearance and 

disappearance events while producing bounded, directly comparable biological rates across heterogeneous indicators. 

5.8. Transferability across abiotic trajectories 500 

A major objective of the framework is to enable comparisons among time series experiencing different environmental 

histories (Widdicombe et al., 2023). Despite contrasting long-term abiotic transitions, the relative ordering of reconstructed 

biological responses remained largely preserved. This indicates that the framework captures general properties shared among 

the predefined biological response trajectories rather than features specific to individual abiotic trajectories. The preservation 

of response ranking is particularly important because comparative ecological studies primarily seek to identify the relative 505 

sensitivity of biological indicators across systems rather than reproduce identical response magnitudes. These results 

therefore support the application of the framework to cross-site comparisons and regional syntheses while recognizing that 

local physicochemical conditions will continue to influence the absolute magnitude of biological change. 

5.9. Temporal coherence and casual inference 

The proposed workflow is designed to assess whether long-term biological trajectories are temporally consistent with 510 

physicochemical changes, primarely in carbonate chemistry. Temporal coherence alone cannot establish that OA caused an 

observed biological response because marine ecosystems are influenced by multiple interacting drivers, including 

temperature, nutrient availability, circulation, species interactions, and other anthropogenic pressures. Consequently, 

correspondence between biological and carbonate chemistry rates should be interpreted as evidence of temporal coherence 

rather than causal attribution. Establishing causal relationships will continue to require complementary experimental studies, 515 

mechanistic understanding, and multivariate analyses that explicitly account for interacting physicochemical drivers. 
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5.10. Implications for OA monitoring 

By translating heterogeneous biological datasets into standardized rate estimates, the workflow facilitates comparison among 

taxa, ecosystems, and monitoring programmes while preserving the ecological interpretation of individual biological 

indicators. The methodology therefore provides a practical tool for the Global Ocean Acidification Observing Network 520 

(GOA-ON), national monitoring programmes, and long-term ecological observatories seeking to evaluate candidate 

biological indicators of OA. More broadly, the analytical framework may also support investigations of other climate-driven 

stressors in which continuous forcing is coupled with nonlinear biological responses. 

5.11. Future developments 

Future developments should focus on extending the framework to more complex ecological trajectories, incorporating 525 

formal uncertainty estimates for breakpoint location and biological rates, evaluating multi-breakpoint representations were 

supported by data availability, and testing the workflow across diverse observational time series and ecosystems. Such 

applications will determine the extent to which standardized biological rates of change improve understanding of large-scale 

ecological responses to OA. 

6. Conclusions 530 

Controlled simulation experiments demonstrated that the proposed methodology can estimate dominant biological rates and 

transitions across the tested response trajectories. These results establish a proof of concept under known and interpretable 

conditions. The next step is to evaluate the empirical performance and broader applicability of the workflow using observed 

biological and carbonate chemistry time series. Namely, this new method will allow direct identification and comparison of 

the rates of change for potential abiotic explanatory variables, OA and beyond, and a suite of potential biological responses 535 

to that change. This methodology will now enable the conceptual framework proposed in the Widdicombe et al. (2023) to be 

applied to existing and emerging time series, and thereby further tested against a wide range of real-world observations. The 

growing number of OA time series established through capacity development supporting Sustainable Development Goal 

14.3.1 indicator reporting and GOA-ON will further broaden the geographic scope and applicability of the framework, 

particularly in historically underrepresented regions. As applications accumulate, comparisons across systems will provide 540 

new evidence about the contribution of OA to observed biological change and the conditions that moderate or exacerbate its 

effects. This growing context-specific knowledge can support more effective observation, management, and mitigation of the 

causes and consequences of OA for marine communities and biodiversity. 
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Appendix A 

Table A1. Definition of the six trapezoid performance (T/P) functions applied separately to temperature and pH. The lower and 545 
upper zero-performance limits were defined by extending the full modelled June range by 30% at both ends. Optimal plateau 

boundaries were positioned relative to the modelled abiotic transition window between the mean conditions during the first and 

last 10 years of the simulation. 

T/P Response type Xlow,0 Xopt,min Xopt,max Xhigh,0 Description 

1 Flat (no response) Xmin-0.3R Xmin Xmax Xmax +0.3R Maximum performance 

across the full observed OA 

range. 

2 Hump-shaped Xmin -0.3R Xmid -0.10W Xmid +0.10W Xmax +0.3R Narrow optimum centered 

on the transition midpoint. 

3 Positive Xmin -0.3R Xmax -0.05W Xmax Xmax +0.3R Performance increases 

throughout the OA 

transition. 

4 Negative Xmin -0.3R Xmin Xmin +0.05W Xmax +0.3R Performance decreases 

throughout the OA 

transition. 

5 Threshold-positive Xmin -0.3R Xmid Xmax Xmax +0.3R Abrupt increase after the 

transition midpoint. 

6 Threshold-negative Xmin -0.3R Xmin Xmid Xmax +0.3R Abrupt decrease after the 

transition midpoint. 

where: 

Xlow,0 – the lower zero-performance limit 550 

Xopt,min – the lower optimal plateau bound 

Xopt,max – the upper optimal plateau bound 

Xhigh,0 – the upper zero-performance limit 

Xmin – is the minimum observed June value over the full simulation 

Xmin – is the maximum observed June value over the full simulation 555 

Xstart – is the mean June value during the first 10 simulation years 

Xend – is the mean June value during the last 10 simulation years 

R = Xmax - Xmin – is the full observed June abiotic range  

W = |Xend - Xstart| – is the abiotic transition window  

Xmid = (Xstart+ Xend)/2 – is the transition window middle point 560 
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Figure A1. Definition of simplified trapezoid (A) temperature- and (B) pH-specific performance functions and resulting (C) 

combined performance surfaces of biological response. Each red arrow represents an abiotic transition from initial temperature-

pH conditions (black circle) to final conditions (black triangle). The six surfaces in the top row, combining T1 with P1-P6, are 565 
developed further in Figure 4. 
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Figure A2. Simulated biotic time series for 36 defined biological response trajectories. Dashed lines indicate linear regressions 

fitted separately to each trajectory. 

https://doi.org/10.5194/egusphere-2026-4577
Preprint. Discussion started: 20 August 2026
c© Author(s) 2026. CC BY 4.0 License.



25 

 

 570 

Figure A3. Deseasoned long-term trajectories of (A) temperature (°C), (B) hydrogen ion concentration ([H⁺], mol L-¹), and (C) pH 

at Site 2 for 1993-2100. Light-blue points show the original model output, black points show monthly means, and red points show 

the corresponding deseasoned monthly mean values. Solid dark red lines represent the estimated long-term trend. The trend 

detection time (TDT) is represented in years. 

 575 

 

Figure A4. Deseasoned long-term trajectories of (A) temperature (°C), (B) hydrogen ion concentration ([H⁺], mol L-¹), and (C) pH 

at Site 3 for 1993-2100. Light-blue points show the original model output, black points show monthly means, and red points show 

the corresponding deseasoned monthly mean values. Solid dark red lines represent the estimated long-term trend. The trend 

detection time (TDT) is represented in years. 580 
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Figure A5. Deseasoned long-term trajectories of (A) temperature (°C), (B) hydrogen ion concentration ([H⁺], mol L-¹), and (C) pH 

at Site 4 for 1993-2100. Light-blue points show the original model output, black points show monthly means, and red points show 

the corresponding deseasoned monthly mean values. Solid dark red lines represent the estimated long-term trend. The trend 

detection time (TDT) is represented in years. 585 
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Figure A6. Translation of temperature-pH performance surfaces into simulated biological trajectories and segmented fits at Site 1. 

The six rows combine the hump-shaped temperature-response function (T2) with the six pH-response functions (P1-P6) and 

correspond to the six surfaces in the second row of Figure A1. (A) The left column shows the reference performance profile along 

the Site 1 start-to-end temperature-pH transition path shown in Figure A1. (B) The middle column shows the resulting noise-free 590 
temporal trajectory (blue) and its fitted linear or one-breakpoint model (black). (C) The right column shows the corresponding 

noise-added simulated biological time series (blue) and fitted model (black). Vertical dashed lines indicate estimated breakpoints.  

https://doi.org/10.5194/egusphere-2026-4577
Preprint. Discussion started: 20 August 2026
c© Author(s) 2026. CC BY 4.0 License.



28 

 

 

Figure A7. Translation of temperature-pH performance surfaces into simulated biological trajectories and segmented fits at Site 1. 

The six rows combine the positive temperature-response function (T3) with the six pH-response functions (P1-P6) and correspond 595 
to the six surfaces in the third row of Figure A1. (A) The left column shows the reference performance profile along the Site 1 

start-to-end temperature-pH transition path shown in Figure A1. (B) The middle column shows the resulting noise-free temporal 

trajectory (blue) and its fitted linear or one-breakpoint model (black). (C) The right column shows the corresponding noise-added 

simulated biological time series (blue) and fitted model (black). Vertical dashed lines indicate estimated breakpoints.  
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 600 

Figure A8. Translation of temperature-pH performance surfaces into simulated biological trajectories and segmented fits at Site 1. 

The six rows combine the negative temperature-response function (T4) with the six pH-response functions (P1-P6) and correspond 

to the six surfaces in the fourth row of Figure A1. (A) The left column shows the reference performance profile along the Site 1 

start-to-end temperature-pH transition path shown in Figure A1. (B) The middle column shows the resulting noise-free temporal 

trajectory (blue) and its fitted linear or one-breakpoint model (black). (C) The right column shows the corresponding noise-added 605 
simulated biological time series (blue) and fitted model (black). Vertical dashed lines indicate estimated breakpoints.  
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Figure A9. Translation of temperature-pH performance surfaces into simulated biological trajectories and segmented fits at Site 1. 

The six rows combine the threshold-positive temperature-response function (T5) with the six pH-response functions (P1-P6) and 

correspond to the six surfaces in the fifth row of Figure A1. (A) The left column shows the reference performance profile along the 610 
Site 1 start-to-end temperature-pH transition path shown in Figure A1. (B) The middle column shows the resulting noise-free 

temporal trajectory (blue) and its fitted linear or one-breakpoint model (black). (C) The right column shows the corresponding 

noise-added simulated biological time series (blue) and fitted model (black). Vertical dashed lines indicate estimated breakpoints.  
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Figure A10. Translation of temperature-pH performance surfaces into simulated biological trajectories and segmented fits at Site 615 
1. The six rows combine the threshold-negative temperature-response function (T6) with the six pH-response functions (P1-P6) 

and correspond to the six surfaces in the sixth row of Figure A1. (A) The left column shows the reference performance profile 

along the Site 1 start-to-end temperature-pH transition path shown in Figure A1. (B) The middle column shows the resulting 

noise-free temporal trajectory (blue) and its fitted linear or one-breakpoint model (black). (C) The right column shows the 
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corresponding noise-added simulated biological time series (blue) and fitted model (black).Vertical dashed lines indicate estimated 620 
breakpoints.  

Table A2. Summary statistics describing framework validation performance. 

 
Nr of 

observations 
Intercept Slope R2 RMSE 

 

Agreement between 
estimated and 
reference rates 

35 -0.0007 0.9202 0.96 0.0015 
 

 
Nr of 

breakpoints 
Median absolute 
breakpoint error 

Mean absolute 
breakpoint error 

   

Breakpoint 
estimation error 

17 13 11.58 
   

 
Nr of 

observations 
bias SD difference Lower 

limit 
Upper 
limit 

RMSE 

Bland-Altman 
summary 

66 0.0028 0.0082 -0.0134 0.0190 0.0086 

 

Table A2. Pairwise Spearman rank correlations of reconstructed biological response rankings among simulated sites. 

Site site 1 site 2 site 3 site 4 

site 1 — 0.66 0.95 0.86 

site 2 <0.001 — 0.83 0.84 

site 3 <0.001 <0.001 — 0.82 

site 4 <0.001 <0.001 <0.001 — 
 

 625 

Table A3. Statistical evaluation of potential causes of reduced accuracy in secondary segment slope estimation. 

Question Test Statistic p-value Interpretation 

Is slope error larger in Segment 2 

than Segment 1? 

Wilcoxon 

rank-sum test 

W = 187 0.023 Segment 2 had significantly larger 

slope error. 

Is Segment 2 slope error related to 

breakpoint error? 

Spearman 

correlation 

ρ = 0.203 0.435 No evidence that breakpoint error 

explained Segment 2 slope error. 

Is Segment 2 slope error related to 

expected Segment 2 slope magnitude? 

Spearman 

correlation 

ρ = -0.216 0.405 No evidence that expected slope 

magnitude explained Segment 2 

slope error. 
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Is Segment 2 slope error related to 

expected slope contrast between 

segments? 

Spearman 

correlation 

ρ = 0.326 0.202 No evidence that slope contrast 

explained Segment 2 slope error. 

Is segmented biological time series vs 

segmented performance trajectory 

slope difference larger in Segment 2 

than Segment 1? 

Wilcoxon 

rank-sum test 

W = 187 0.023 Noisy trajectories produced larger 

slope differences in Segment 2. 

Code and data availability 

The R workflow implementing the rate-of-change framework is freely available from the project's GitHub repository 

(https://github.com/OAPoCfNRS/RoC-tool). The modelled temperature and pH time series used to derive the threshold 

parameters and generate the simulated biological response trajectories were provided by Yuri Artioli and are available upon 630 

request. 
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