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Abstract. Shallow coastal seas contribute disproportionately to marine methane (CH₄) emissions, 8 

yet the efficiency of the microbial sink that attenuates them remains poorly constrained. Under 9 

first-order kinetics, aerobic methane oxidation (MOx) is the product of ambient CH₄ concentration 10 

and the fractional turnover rate k′, the latter representing the oxidation capacity of the 11 

methanotrophic community. Here we test whether k′ can be predicted from routinely measured 12 

environmental variables, drawing on water samples collected during repeated campaigns between 13 

2010 and 2014 across riverine, estuarine, and marine waters of the Elbe and the adjacent 14 

southeastern North Sea. In the estuary and adjacent marine waters, a second-order polynomial 15 

model based on temperature, salinity, and nitrate reproduced 80 % of the observed spatiotemporal 16 

variability in k′ under five-fold cross-validation, indicating that these predictors captured the main 17 

environmental controls on k′ and that nonlinear interaction terms cannot be omitted. Neither 18 

ambient CH₄ concentration nor phosphate improved model performance, indicating that k′ is not 19 

directly controlled by substrate availability or phosphorus limitation. In riverine waters, by contrast, 20 

the same approach systematically underpredicted k′ with large uncertainty, suggesting a distinct 21 

regional response regime that is likely linked to river-specific environmental controls. Overall, our 22 

results highlight that k′ can be parameterized as a dynamic, environmentally dependent term, 23 

opening a route to estimating MOx in coastal systems. 24 
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1 Introduction 25 

        Methane (CH₄) is a potent greenhouse gas whose atmospheric concentration has increased 26 

continuously since the industrial era, contributing about 16 % of post-industrial radiative forcing 27 

(Forster, P. et al., 2021). Although the ocean is a comparatively modest net source of atmospheric 28 

CH₄, with global emissions estimated at 6 to 12 Tg yr⁻¹, this flux is highly uneven in space, with 29 

shallow coastal and shelf environments contributing disproportionately despite occupying only a 30 

minor fraction of total ocean area (Weber et al., 2019). In these shallow coastal environments, 31 

methanogenic archaea in anoxic sediments produce substantial amounts of CH₄, which can be 32 

transferred to the overlying water column by molecular diffusion, porewater advection, and 33 

ebullition (Egger et al., 2018; Hermans et al., 2024). Before this dissolved CH₄ can escape to the 34 

atmosphere, however, it encounters a final biological sink in the water column: aerobic methane 35 

oxidation (MOx) primarily mediated by methanotrophic bacteria. The amount of CH₄ removed by 36 

MOx before atmospheric release remains poorly constrained in coastal carbon budgets, with a 37 

global estimate of 1.8 ± 2.7 Tg yr⁻¹ (Mao et al., 2022). 38 

        A useful way to quantify microbial CH₄ removal is the fractional turnover rate, k′ (d⁻¹; Table 39 

1). Assuming first-order kinetics, the MOx rate (nmol L⁻¹ d⁻¹) can be calculated by multiplying the 40 

dissolved CH₄ concentration by k′. Here, k′ describes the fraction of the dissolved CH₄ pool 41 

oxidized per unit time. It therefore represents an integrated outcome of active methanotroph 42 

abundance, community composition, and cell specific metabolic activity. Field studies have shown 43 

that k′ can vary by orders of magnitude across aquatic environments (Bussmann et al., 2017). 44 

However, the environmental and biological controls underlying this variability remain poorly 45 

constrained, particularly in coastal systems where biotic and abiotic conditions are highly dynamic. 46 
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        The southeastern North Sea provides a natural laboratory in which to examine these controls. 47 

The Elbe and Weser rivers deliver methane-enriched freshwater with concentrations one to two 48 

orders of magnitude above atmospheric equilibrium, while the adjacent Wadden Sea tidal flats 49 

export biogenic methane through tidal pumping, together sustaining pronounced CH₄ gradients 50 

across the estuarine-coastal interface (Grunwald et al., 2009; Osudar et al., 2015). Although 51 

methane oxidation has been relatively well constrained in this system, its contribution to the total 52 

CH₄ loss budget varies strongly seasonally, accounting for about 5 % in winter/spring and about  53 

 54 

Table 1. Overview of methane-related terms used in this study.  55 

Term Symbol Unit Definition in this study 

Fractional turnover 

rate 

k’ 
 

d⁻¹ First-order rate constant describing the fraction of 

the dissolved CH₄ pool oxidized per unit time. 

Dissolved methane 

concentration 

[CH₄] nmol L⁻¹ Dissolved CH₄ concentration in the water column. 

Aerobic methane 

oxidation 

MOx - Microbial process of aerobic CH₄ oxidation under 

oxic conditions. 

Methane oxidation 

rate 

MOx 

rate 

nmol L⁻¹ d⁻¹ Rate of the MOx process; calculated as k′ × [CH₄]. 

 56 
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41 % in summer/fall (Matoušů et al., 2017). This pronounced seasonal contrast suggests that water-57 

column CH₄ oxidation is highly dynamic and likely controlled by multiple interacting 58 

environmental factors. For instance, temperature can affect microbial metabolic rates and 59 

community composition (Mohanty et al., 2007; Sundh et al., 2005), while salinity gradients may 60 

constrain methane oxidation across river–sea transitions (Osudar et al., 2017a). Suspended 61 

particulate matter, oxygen availability, and nutrient supply may further influence methanotrophic 62 

activity by altering particle associated habitats, redox conditions, and growth constraints (Abril et 63 

al., 2007; Bodelier et al., 2000; Steinle et al., 2017). In addition, hydrodynamic processes can 64 

redistribute water masses and microbial communities, generating spatial heterogeneity in k′ 65 

(Steinle et al., 2015; Wilkins et al., 2013). Together, these studies suggest that k′ variability is 66 

shaped by the combined influence of physicochemical parameters, motivating a multivariate 67 

modelling approach to reconstruct k′ from multiple environmental variables. 68 

        Despite its central role in methane oxidation, direct determination of k′ remains 69 

methodologically demanding, typically relying on labor-intensive radiotracer-based incubations 70 

that yield sparse and temporally discontinuous observations (Bussmann et al., 2015). This practical 71 

limitation has constrained efforts to resolve the environmental controls on k′ and to incorporate 72 

methanotrophic capacity explicitly into water-column methane budgets. To our knowledge, no 73 

previous study has directly modelled the spatiotemporal variability of k′. Here, we address this gap 74 

using observations from repeated field campaigns conducted in the southeastern North Sea 75 

between 2010 and 2014. The aims of this study are: i), to quantify the spatiotemporal variability 76 

of k′ across a river-estuary-marine gradient; ii), to identify the major environmental factors 77 

associated with k’; and iii), to evaluate whether k′ can be reconstructed from environmental 78 
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variables. These analyses are intended to support a more process-based representation of 79 

methanotrophic capacity in coastal methane budgets. 80 

2 Methods 81 

2.1 Study area and available observations 82 

        The study area encompasses the Elbe Estuary and the adjacent German Bight, a shallow 83 

coastal system with typical water depths generally below 50 m (Jacob and Stanev, 2021). The 84 

region is hydrographically dynamic, characterized by a large tidal range from 1.5 to 3.6 m 85 

(Fofonova et al., 2019; Gräwe et al., 2016; Plüß, Andreas, 2003). The German Bight is directly 86 

influenced by the discharge of three relatively large rivers, the Elbe, Weser, and Ems (Becker et 87 

al., 1992). The freshwater input leads to intermittent stratification, mediated by tidal and wind 88 

forcing in the estuaries and central German Bight. The relatively fresh coastal waters form a 89 

buoyancy-driven current along the coast, mediated by Earth’s rotation. The transect from the inner 90 

estuary to the open German Bight therefore spans a natural gradient of riverine, estuarine, and 91 

marine conditions. Sampling stations were classified into three categories based on the median 92 

salinity of all samples collected at each station (Fig. 1): riverine water (salinity < 5, in PSU), 93 

estuarine water (5 ≤ salinity £ 30), and marine water (salinity > 30). These categories correspond 94 

to sampling stations located at 9.09° E–10.03° E, 8.41° E–8.80° E, and 7.89° E–8.31° E, 95 

respectively.  96 

        This study draws on a harmonized dataset compiled from repeated campaigns conducted 97 

between October 2010 and November 2014 (Hackbusch et al., 2019; Matoušů et al., 2017; Osudar 98 

et al., 2015), with a specific focus on the fractional turnover rate k′. At each station, discrete water 99 

samples were collected using Niskin bottles from two depth layers: the surface layer 100 

(approximately 1 m below the surface) and near bottom waters (approximately 1 m above the 101 
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sediment). Measured parameters included CH₄ concentration and k′, together with temperature, 102 

salinity, dissolved oxygen, inorganic nutrients (NO₂⁻, NO₃⁻, NH₄⁺, PO₄³⁻ and silicate), SPM and 103 

water depth (Table 2). Analytical procedures are summarized in Supplementary Text S1. The 104 

observational datasets used in this study are archived in PANGAEA (Bussmann et al., 2014b, a, 105 

2019; Matousu et al., 2015).106 

 107 

Figure 1. Map of the southeastern North Sea showing the locations of sampling stations, classified 108 

into three categories according to the median salinity of all samples collected at each station: the 109 

Elbe (median salinity < 5, green squares), the estuary (5 ≤ median salinity ≤ 30, red circles), and 110 

the marine region (median salinity > 30, blue triangles). Background shading indicates water depth 111 

(m).  112 

 113 
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2.2 Statistical analysis  114 

        Spearman’s rank correlation coefficient (rₛ) was used to assess pairwise relationships between 115 

variables, with statistical significance set at p < 0.01. Differences between paired surface and 116 

bottom samples were tested using the Wilcoxon signed-rank test, as the paired differences did not 117 

meet the Shapiro-Wilk normality assumption required for a paired t-test. 118 

2.3 Polynomial regression  119 

        Polynomial regression models were used to evaluate whether k′ could be estimated from 120 

routinely measured environmental variables. A simple linear model may be too restrictive because 121 

it assumes additive effects with constant slopes across the full environmental range and does not 122 

account for interactions among predictors. As a subset of GAMs, polynomial regression therefore 123 

provides a simple parametric framework for testing whether curvature and pairwise interactions 124 

improve the reconstruction of k′ while retaining interpretability (James et al., 2021). 125 

        Models were fitted to k′ using 11 candidate predictors: CH₄ concentration, temperature, 126 

salinity, dissolved oxygen, SPM, water depth, and dissolved nutrients (NO₂⁻, NO₃⁻, NH₄⁺, PO₄³⁻, 127 

and silicate). Polynomial degrees of 1–3 were evaluated across all predictor combinations 128 

containing up to five base predictors, thereby limiting model complexity and reducing overfitting 129 

(e.g., Fig. 4). Model performance was assessed using repeated five-fold cross-validation with 100 130 

repeats. Within each split, predictors were standardized using parameters estimated from the 131 

training folds and then applied to the validation fold. Out-of-fold predictions were used to calculate 132 

the coefficient of determination (R²), root mean squared error (RMSE), and mean absolute error 133 

(MAE), and metrics were summarized across repeats. Variance inflation factors (VIFs) were 134 

calculated for the base predictors to assess multicollinearity (Table S1). Exploratory analyses were 135 

initially performed using all samples. Because the Elbe samples showed response patterns distinct 136 
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from those of the marine-estuary samples (Fig. S1), models were subsequently built separately for 137 

the marine-estuary and river regions. 138 

3 Results 139 

3.1 Environmental setting 140 

        Environmental variability in the southeastern North Sea was characterized by a strong 141 

seasonal temperature cycle, a pronounced river-to-marine salinity gradient, and nutrient 142 

enrichment associated with the Elbe River (Table 2). Based on the station-median salinity 143 

classification described above, the dataset covered three hydrographic regions: the Elbe, estuarine, 144 

and marine regions. Water temperature ranged from 1.4 to 22.2 °C and was driven primarily by 145 

season, whereas longitudinal variation in temperature was comparatively weak. In contrast, 146 

salinity increased strongly from the freshwater Elbe region toward the marine stations, spanning 147 

0–33.6 PSU across the full dataset, with the largest variability occurring in the estuarine mixing 148 

zone. 149 

        Nitrate spanned nearly four orders of magnitude, from 0.3 to 1659 µmol L⁻¹, and generally 150 

decreased from the Elbe region through the estuary to the marine region. Phosphate, nitrite, 151 

ammonium and silicate broadly followed the same decreasing gradient, consistent with a dominant 152 

riverine source. Dissolved oxygen concentrations were above the hypoxic threshold of 2 mg L⁻¹ 153 

throughout the study period, with a minimum concentration of 3.6 mg L⁻¹. Suspended particulate 154 

matter (SPM) ranged from 6 to 832 mg L⁻¹, with a pronounced peak at 9.36° E (station median 155 

160 mg L⁻¹), coinciding with the Elbe estuarine turbidity maximum reported by (Kappenberg and 156 

Grabemann, 2001). Vertical gradients were generally weak during all campaigns. Temperature and 157 

most nutrients showed no consistent surface to bottom differences, whereas SPM was elevated 158 

near the bottom, due to bottom shear stress. 159 
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Table 2. Overview of physicochemical parameters in the water column during all sampling 160 

campaigns from October 2010 to November 2014. Median ± standard deviation and the range of 161 

the data (in brackets) are given. Sampling stations were grouped into three hydrographic regions: 162 

marine stations with median salinity > 30 PSU (7.89–8.31° E), estuarine stations with median 163 

salinity 5–30 PSU (8.41–8.80° E), and Elbe stations with median salinity < 5 PSU (9.09–10.03° 164 

E).  165 

Station [° 
E] Salinity [PSU] Temperature 

[°C] 
Oxygen [mg 

L⁻¹] 
SiO4 [µmol 

L⁻¹] 
PO4 [µmol 

L⁻¹] 
NO2 [µmol 

L⁻¹] 
NO3  

[µmol L⁻¹] 
NH4 [µmol 

L⁻¹] 
SPM [mg 

L⁻¹] 

Marine stations 

7.89 32.5 ± 0.9 
[30.2–33.6] 

9.8 ± 5.2  
[4.2–18.5] 

8.6 ± 1.3 
[6.1–10.6] 

6.0 ± 5.3  
[0.5–18.9] 

0.5 ± 1.3 
[0.1–5.4] 

0.4 ± 1.9  
[0–6.1] 

3.2 ± 8.2 [0.4–
28.2] 

1.3 ± 0.9 [0–
3.9] 

74 ± 18 
[43–104] 

7.99 31.6 ± 1.3 
[28.5–33.5] 

9.3 ± 5.5  
[3.8–18.2] 

9.4 ± 1.5 
[6.0–11.3] 

8.0 ± 8.2  
[2.6–31.5] 

0.8 ± 0.4 
[0.1–1.6] 

0.4 ± 0.4  
[0–1.1] 

5.4 ± 11.6 
[0.3–42.1] 

2.1 ± 0.7 
[0.6–3.1] 

71 ± 33  
[15–149] 

8.08 31.6 ± 2.0 
[27.0–32.6] 

6.3 ± 1.7  
[2.8–6.8] 

10.1 ± 0.9 
[9.1–11.5] 

17.4 ± 12.2 
[6.6–40.9] 

0.8 ± 0.2 
[0.7–1.2] 

0.8 ± 0.2 
[0.7–1.2] 

20.4 ± 17.4 
[6.5–54.9] 

3.0 ± 0.7 
[2.5–4.4] 

86 ± 17  
[59–111] 

8.24 31.4 ± 0.9 
[29.6–33.1] 

11.0 ± 5.4  
[2.8–18.9] 

8.5 ± 1.2 
[7.3–11.3] 

10.1 ± 9.1 
[1.3–28.8] 

0.8 ± 0.4 
[0.3–1.7] 

0.6 ± 0.4 
[0.2–1.4] 

7.5 ± 12.4 
[0.5–37.7] 

2.5 ± 1.5 
[0.2–5.2] 

87 ± 29  
[8–134] 

8.31 30.7 ± 1.4 
[27.1–33.0] 

8.4 ± 5.9 
 [2.1–19.3] 

8.4 ± 1.4 
[6.2–11.6] 

14.0 ± 12.1 
[0.8–42.5] 

0.8 ± 0.5 
[0.1–2.0] 

0.6 ± 0.4 
[0.2–1.4] 

13.7 ± 14.6 
[0.6–44.5] 

2.2 ± 1.6 
[0.1–5.9] 

91 ± 25  
[18–132] 

Estuarine stations 

8.41 29.8 ± 2.1 
[23.5–32.8] 

11.0 ± 6.1  
[2.1–19.9] 

9.5 ± 1.2 
[7.5–11.4] 

13.0 ± 16.5 
[0–68.1] 

0.9 ± 0.5 
[0.4–2.2] 

0.7 ± 0.5 
[0.2–1.7] 

19.3 ± 31.7 
[1.2–131] 

3.0 ± 1.5 
[0.2–6.0] 

91 ± 31  
[15–136] 

8.44 28.3 ± 2.0 
[24.1–31.8] 

9.0 ± 5.1  
[2.6–18.1] 

10.5 ± 3.1 
[5.2–13.3] 

22.2 ± 25.6 
[1.6–80.8] 

1.3 ± 0.9 
[0.1–3.2] 

0.9 ± 0.8 
[0.2–2.6] 

47.1 ± 382 
[17.5–1037] 

6.6 ± 4.5 
[3.8–16.5] 

104 ± 35 
[28–157] 

8.50 26.6 ± 3.0 
[19.4–32.1] 

7.7 ± 6.5  
[1.7–20.3] 

9.7 ± 1.2 
[8.0–11.9] 

18.8 ± 27.0 
[0.8–92.1] 

1.2 ± 0.5 
[0.4–1.9] 

1.0 ± 0.6 
[0.2–1.9] 

47.4 ± 34.8 
[6.0–130] 

3.6 ± 1.8 
[0.7–8.1] 

93 ± 25 
[72–167] 
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8.57 24.6 ± 46.0 
[9.6–28.2] 

9.0 ± 5.3  
[2.7–17.7] 

8.6 ± 2.2 
[5.3–11.3] 

32.9 ± 19.5 
[1.7–65.2] 

1.7 ± 0.7 
[0.2–2.4] 

0.8 ± 0.7 
[0.3–2.6] 

49.1 ± 224 
[18.3–856] 

7.4 ± 4.0 
[3.4–15.7] 

99 ± 30  
[30–157] 

8.66 22.9 ± 6.4 
[6.0–26.3] 

10.1 ± 5.5  
[1.8–18.0] 

8.8 ± 1.7 
[7.6–12.5] 

30.4 ± 20.4 
[3.9–63.6] 

1.4 ± 0.6 
[0.4–3.0] 

1.0 ± 0.7 
[0.3–2.6] 

81.8 ± 78.0 
[35.3–264] 

6.4 ± 3.8 
[2.9–13.4] 

101 ± 28 
[31–147] 

8.68 19.2 ± 4.6 
[9.9–27.7] 

6.8 ± 6.8  
[1.4–21.1] 

9.2 ± 1.7 
[7.9–12.9] 

45.5 ± 50.6 
[0–156] 

1.8 ± 0.8 
[0.3–3.3] 

1.1 ± 0.7 
[0.1–2.4] 

53.4 ± 49.3 
[14.0–219] 

5.2 ± 3.6 
[0.8–14.6] 

89 ± 22  
[59–152] 

8.73 15.1 ± 5.6 
[0.3–23.2] 

10.6 ± 5.0  
[4.2–20.1] 

8.4 ± 1.7 
[5.3–11.0] 

62.7 ± 30.8 
[14.5–109] 

1.9 ± 0.6 
[1.1–3.2] 

1.0 ± 0.7 
[0.5–2.6] 

129 ± 477 
[60.0–1659] 

6.9 ± 2.7 
[2.7–12.4] 

99 ± 51  
[45–216] 

8.80 12.1 ± 5.1 
[0.2–17.8] 

11.2 ± 5.1  
[4.1–20.5] 

8.2 ± 1.7 
[5.5–11.1] 

75.7 ± 43.8 
[17.1–169] 

2.2 ± 2.5 
[1.4–14.1] 

1.0 ± 0.7 
[0.2–2.6] 

173 ± 441 
[40.0–1659] 

5.4 ± 2.7 
[2.2–11.3] 

90 ± 53  
[56–332] 

Riverine stations  

9.09 3.2 ± 3.0 [0.1–
13.7] 

12.1 ± 5.3  
[3.9–21.5] 

8.2 ± 1.8 
[5.5–12.0] 

99.4 ± 50.6 
[20.8–185] 

2.5 ± 2.3 
[1.2–11.9] 

0.5 ± 0.7  
[0–2.6] 

207 ± 440 
[75.7–1619] 

4.0 ± 2.6 
[0.9–9.5] 

96 ± 119 
[29–502] 

9.36 0.7 ± 0.6  
[0–3.0] 

13.3 ± 5.7  
[3.4–21.0] 

8.0 ± 1.9 
[5.3–11.7] 

129 ± 48.1 
[12.0–170] 

1.6 ± 1.9 
[0.9–8.4] 

0.3 ± 0.8  
[0–2.7] 

226 ± 395 
[116–1510] 

3.0 ± 3.4 
[0.5–15.7] 

160 ± 130 
[31–525] 

9.51 0.5 ± 0.2  
[0–0.9] 

10.8 ± 5.6  
[4.4–20.9] 

8.1 ± 2.1 
[5.1–11.5] 

110 ± 50.2 
[1.7–173] 

1.4 ± 1.5 
[0.6–6.5] 

1.0 ± 0.9  
[0–2.5] 

251 ± 422 
[81–1524] 

3.0 ± 3.4 
[1.5–15.1] 

76 ± 72  
[14–258] 

9.73 0.3 ± 0.2  
[0–0.7] 

13.6 ± 5.8  
[4.4–21.8] 

8.9 ± 2.3 
[4.9–11.9] 

131 ± 52.9  
[0–213] 

1.4 ± 1.5 
[1.0–6.2] 

1.7 ± 0.9  
[0–4.1] 

260 ± 396 
[65–1490] 

5.0 ± 3.5 
[1.9–12.9] 

32 ± 159 
[12–832] 

9.88 0.4 ± 0.2  
[0–0.6] 

10.5 ± 5.1  
[5.1–22.2] 

8.5 ± 2.7 
[3.6–11.2] 

134 ± 49.8  
[0–171.7] 

1.3 ± 0.9 
[0.4–3.7] 

1.4 ± 1.0 
[0.7–4.3] 

236± 410 
[119–1387] 

6.4 ± 3.0 
[3.1–12.6] 

20 ± 29 
[6–120] 

10.03 0.4 ± 0.2  
[0–0.7] 

13.6 ± 5.4  
[5.2–21.9] 

8.2 ± 1.6 
[6.4–10.9] 

138 ± 54.8  
[0–179] 

1.4 ± 1.5 
[0.1–4.8] 

1.4 ± 0.8 
[0.6–3.8] 

262 ± 405 
[128–1451] 

6.4 ± 5.2 
[3.6–20.4] 

21 ± 12  
[8–52] 

 166 
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3.2 The fractional turnover rate k’, and correlations analysis with abiotic conditions 167 

        The fractional turnover rate k′ increased from the marine region toward the river, with regional 168 

medians of 0.02 d⁻¹ in the marine region, 0.04 d⁻¹ in the estuary and 0.43 d⁻¹ in the Elbe with 169 

maxima reaching 2.86 d⁻¹ (Fig. 2a). The higher and more variable k′ values in the riverine region 170 

may be partly explained by the elevated methanotroph abundance previously reported for the Elbe 171 

(Hackbusch et al., 2019). Dissolved CH₄ concentrations also showed a pronounced gradient, 172 

ranging from 5 to 2306 nmol L⁻¹ (Fig. 2b). Concentrations were lowest in the marine region, with 173 

a regional median of 15 nmol L⁻¹, increased in the estuary to 43 nmol L⁻¹, and reached the highest 174 

concentrations in the river, where the median concentration was 66 nmol L⁻¹ and maximum values 175 

exceeded 2300 nmol L⁻¹. MOx ranged from 0.01 to 5542.3 nmol L⁻¹ d⁻¹ and followed the same 176 

marine-river gradient. Regional median MOx values increased from 0.20 nmol L⁻¹ d⁻¹ in the 177 

marine region to 1.88 nmol L⁻¹ d⁻¹ in the estuarine region and 32.25 nmol L⁻¹ d⁻¹ in the Elbe region 178 

(Fig. 2b). Across regions, k′ and CH₄ showed similar spatial gradients, but their weak correlation 179 

indicates that they were partly decoupled (Fig. 3); also, no logarithmic relationship as expected 180 

from Michaelis–Menten kinetic was observed. 181 

        Correlations between k′ and environmental variables were region dependent and generally 182 

insufficient to explain variability in k′ (Fig. 3). Marine waters are characterized by relatively low 183 

variation in k′ which shows no clear correlation with environmental factors that vary only slightly 184 

(Fig. 3a). In contrast, the estuarine zone showed clearer environmental structure: k′ was negatively 185 

associated with salinity (rₛ = −0.58) and positively associated with temperature (rₛ = 0.61), 186 

indicating that both the estuarine mixing gradient and seasonal temperature conditions were linked 187 

to methanotrophic oxidation capacity. In the Elbe region, k′ was moderately correlated with 188 
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temperature (rₛ = 0.49), but no other environmental variable showed a clear relationship with k′, 189 

suggesting a more complex freshwater process regime.  190 

        No significant surface-bottom differences in k′, CH₄ concentration or MOx rates were 191 

detected across regions; therefore, surface and bottom samples were pooled. Overall, the 192 

correlation analysis provided a first overview of region-specific monotonic relationships, but it 193 

could not account for nonlinear or combined effects among predictors. The next section therefore 194 

evaluates whether nonlinear multivariate models can better predict k′ across the regions. 195 
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196 

197 

Figure 2. Longitudinal distributions of the fractional turnover rate k′, dissolved CH₄ concentration 198 

and MOx rate across the marine, estuarine and Elbe regions. (a) Fractional turnover rate k’. (b) 199 

Dissolved CH₄ concentration and MOx rate. Boxplots show the median and interquartile range at 200 

each station, and grey dots represent observations. Please note that all y-axes are displayed on non-201 

linear scales for visualization. 202 

 203 
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204 

 205 
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 206 

Figure 3. Spearman rank correlation coefficients between the fractional turnover rate (k′), CH₄ 207 

concentration and environmental parameters across the three hydrographic regions (marine, 208 

estuary, and Elbe). Numbers are shown only for correlations significant at the p < 0.01 level (two-209 

tailed). T stands for temperature and S stands for salinity. Salinity was excluded from the coastal 210 

marine and Elbe matrices because it showed little variability within these regions. 211 

 212 

 213 

 214 

 215 

 216 

 217 
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3.3 Non-linear approach on the fractional turnover rate (k’) 218 

        In the marine-estuarine regions, the second-degree polynomial model using temperature, 219 

salinity, and NO₃⁻ as base predictors provided the best predictive performance relative to model 220 

complexity. Lower-degree models underfit the data, whereas higher-degree models showed signs 221 

of overfitting (Fig. 4a). Adding further variables to the selected T + S + NO₃⁻ framework, including 222 

CH₄ concentration, O₂, SPM, and water depth, did not improve cross-validated prediction 223 

sufficiently to justify their inclusion in the model. The squared NO₃⁻ term was removed from the 224 

expansion because its coefficient showed large variability across validation repeats, and its 225 

exclusion did not reduce repeated cross-validation performance (Table S1). VIF values for the base 226 

predictors were all below 2, indicating that multicollinearity among temperature, salinity, and NO₃⁻ 227 

was low and unlikely to affect model stability. The model (T + S + NO₃⁻, polynomial degree = 2) 228 

reproduced the major variability in k′ across the estuarine and marine regions (Fig. 4). Model 229 

performance was comparable between training and validation subsets, with R² = 0.85 ± 0.03, 230 

RMSE = 0.06 d⁻¹, and MAE = 0.04 d⁻¹ for training, and R² = 0.82 ± 0.01, RMSE = 0.06 d⁻¹, and 231 

MAE = 0.04 d ⁻¹ for validation. The mean residual (observation - prediction) was close to zero, 232 

indicating little overall bias.  233 

        As noted above, when all samples were included in model training, k′ in the Elbe samples 234 

exhibited patterns distinct from those from the marine-estuary regions. Residuals in the Elbe were 235 

predominantly positive, indicating systematic underprediction of riverine k′ (Fig. S1). Accordingly, 236 

Elbe-specific models were developed using the same model selection framework as for the marine-237 

estuarine models. Candidate models were also constructed from the 11 available environmental 238 

variables, with polynomial degrees ranging from 1 to 3 and with up to five predictors included in 239 

each model (Fig. 4b). However, their ability to reconstruct k′ remained limited, as indicated by 240 
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lower R² values and higher uncertainty. This result was not confined to particular sampling seasons 241 

or stations, fresher-water samples (e.g., salinity < 0.5), or only to the highest k′ observations (e.g., 242 

k′ > 1.0 d⁻¹). Together, these findings suggest that riverine k′ is governed by a distinct response 243 

regime that was not sufficiently captured by the predictors available in this study.  244 

245 

 246 

 247 

 248 
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 249 

Figure 4. Model selection of k′ using polynomial regression. Upper panels (a, b): Best repeated 5-250 

fold cross-validation R² for each combination of polynomial degree (1–3) and number of predictors 251 

(2–5) in the Marine-Estuary (n = 203) and Elbe (n = 80) regions. Points indicate the highest mean 252 

validation R² among tested predictor combinations, and error bars show the standard deviation 253 

across repeated cross-validation estimates. The star marks the model selected for this study (T + S 254 

+ NO3-); the Elbe panel uses a nonlinear y-axis for visualization. Lower panel (c): Reconstruction 255 

of k′ in the marine-estuarine region from 2010 to 2014 (n = 203). Blue circles show observations, 256 

and the red line shows cross-validated predictions. The inset shows residuals calculated as 257 

observed minus predicted k′. Model performance metrics are reported as the mean ± standard 258 

deviation across repeated cross-validation runs. For readability, four selected campaign labels were 259 

omitted: 2010.11, 2010.12, 2012.08, and 2013.04. 260 

 261 

 262 

 263 

 264 

 265 
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4 Discussion 266 

4.1 Environmental drivers of methanotrophic oxidation capacity 267 

        In our study, CH₄ concentration provided little explanatory information and showed only 268 

weak correlations with k′. From a microbiological point of view, k′ should be related to CH₄ 269 

concentration according to the enzymatic relationship between maximal reaction rate and the 270 

substrate concentration (i.e. Michaelis–Menten kinetic). However, this decoupled relationship has 271 

been shown in previous studies that an increase in the methanotrophic oxidation capacity can be 272 

related to higher methanotroph abundance, higher cell-specific activity, or a shift toward different 273 

methanotroph groups, rather than through elevated CH₄ concentration alone (Baily et al., 2026; 274 

Mayr et al., 2020). In contrast to substrate availability, our study demonstrates k′ variability was 275 

shaped by environmental variables, namely temperature, salinity, and NO₃⁻, roles of these variables 276 

are discussed below. 277 

        At a broader scale, temperature and salinity can be interpreted as proxies for seasonality and 278 

water-mass mixing, respectively. Changes in these gradients may drive shifts and succession in 279 

methanotrophic community composition, thereby influencing k′ (Deng et al., 2017; Harpenslager 280 

et al., 2026; Tobias-Hünefeldt et al., 2026). Beyond these indirect ecological effects, temperature 281 

and salinity may also directly affect the physiological state and activity of methanotrophs through 282 

changes in growth, cell-specific activity, thermal acclimation, and osmotic stress, although these 283 

effects are not independent (Lofton et al., 2014; Osudar et al., 2017b; Tveit et al., 2023). Consistent 284 

with these mechanisms, the polynomial model indicated a generally positive but nonlinear and 285 

interaction-dependent role of temperature, with positive T and T × NO₃⁻ terms but negative T² and 286 

T × S terms. In contrast, salinity-related terms were predominantly negative, including S, T × S, 287 
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and S × NO₃⁻, while the positive S² term indicates that this association was not strictly linear (Table 288 

S1). 289 

        Adding NO₃⁻ to the T + S model improved model performance (e.g., Fig. 4a), suggesting that 290 

nitrate carried additional information. Biological uptake, organic matter remineralization, 291 

nitrification, and riverine nitrogen inputs can modify nitrate concentrations independently of 292 

salinity-driven mixing, particularly in the Elbe estuary, where internal nitrogen transformations 293 

strongly affect dissolved inorganic nitrogen dynamics (Dähnke et al., 2022; Sanders et al., 2018). 294 

In the polynomial model, the nitrate signal was expressed mainly through the T × NO₃⁻ interaction, 295 

suggesting that nitrate effects were linked to the temperature context. This interaction may reflect 296 

warm and nitrate-rich conditions that support higher active methanotroph biomass or activity. The 297 

biological interpretation is mechanistically plausible, as mineral nitrogen availability can support 298 

methanotroph growth and methane oxidation when nitrogen is limiting, although responses vary 299 

among systems and nitrogen forms (Bodelier et al., 2000; Bodelier and Laanbroek, 2004). 300 

        Other nutrient variables showed limited predictive performance. Although PO₄³⁻ is essential 301 

for microbial growth and can affect methanotroph physiology under phosphorus limitation 302 

(Nijman et al., 2022; Scanlan et al., 2022), PO₄³⁻ did not sufficiently improve validation in this 303 

dataset, suggesting that PO₄³⁻ availability was unlikely to be the dominant limiting factor for k′. 304 

Similarly, NO₂⁻ was not retained as a robust predictor, likely because it is a short-lived intermediate 305 

in nitrogen cycling and may inhibit methane oxidation at elevated concentrations, rather than 306 

serving as a stable indicator of methanotroph nutrient demand (Nyerges et al., 2010). 307 

4.2 Unaccounted controls on k′ in the Elbe 308 

        Methanotrophs show habitat specificity, and their occurrence and activity are shaped by 309 

multiple abiotic factors, including variables (e.g., pH and trace metals) not fully represented in our 310 
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dataset (Knief, 2015). In the Elbe and its downstream waters, these environmental gradients may 311 

create distinct microbial habitats, supporting spatial variability in methanotroph assemblages 312 

(Russnak et al., 2026), even among nearby sampling stations (Kaupper et al., 2022). Sediment-313 

associated methanotrophs may add another source of variability, as differences in sedimentary 314 

conditions between upstream and downstream reaches may select for distinct assemblages that can 315 

enter the water column through resuspension or sediment-water exchange (Sherry et al., 2016; 316 

Tobias-Hünefeldt et al., 2026). Finally, hydrological and microbial legacy effects may weaken the 317 

relationship between k′ and instantaneous predictors, because water-mass history, including travel 318 

time, downstream dispersal, and the time required for growth and succession, can shape microbial 319 

community structure and activity rather than abiotic conditions at the time of sampling alone 320 

(Bambakidis et al., 2024; Demeter et al., 2025).  321 

        The possibility that the range of predictors in the Elbe contributed to reduced model 322 

performance cannot be excluded. For example, salinity generally spanned a narrow freshwater 323 

range, reducing its ability as a proxy for water mass mixing. NO₃⁻ concentrations in the Elbe were 324 

generally higher compared to downstream waters, which likely reduced their sensitivity as a proxy 325 

for nutrient limitation or biogeochemical state. Oxygen is mechanistically central to aerobic 326 

methane oxidation. however, dissolved oxygen in our study remained within a narrow oxic range, 327 

so it was unlikely to be a limiting factor and consequently contributed little explanatory 328 

information to the model. This does not imply that oxygen is unimportant for methane oxidation; 329 

rather, it indicates that our measured gradient was probably too small to resolve oxygen-related 330 

controls on k′ (Oswald et al., 2016).  331 

4.3 Advantages and limitations of polynomial approach 332 
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        The main advantage of the polynomial approach is its transparency and simple 333 

implementation. It provides an explicit approximation of k′ as a function of environmental 334 

predictors, making the model feasible to interpret and to incorporate into numerical ocean models 335 

with an integrated methane module. Our study shows that the second-order polynomials provide a 336 

suitable approximation, and the inclusion of nonlinear terms improved model performance, 337 

whereas higher-degree polynomials showed signs of overfitting and would likely require larger 338 

datasets.  339 

        A key limitation is that the resulting approximation is likely region-specific. Temperature and 340 

salinity may be more broadly transferable predictors, as they reflect seasonal variability, mixing 341 

gradient, and potential shifts in microbial communities. In contrast, the roles of nutrients (e.g., 342 

nitrogen and phosphorus), dissolved oxygen, and other variables likely depend on the local 343 

hydrology, biogeochemical status, and methanotroph ecology. Therefore, the present model should 344 

be regarded as a transferable framework for developing region-specific polynomial 345 

parameterizations.  346 

5 Conclusions 347 

        In this study, we examined whether the fractional turnover rate k′ can be reconstructed from 348 

abiotic observations. In the estuarine and marine waters of the southeastern North Sea, a second-349 

order polynomial in temperature, salinity, and nitrate reproduced most of the observed variability 350 

in k′. Ambient CH₄ concentration contributed no predictive information, suggesting that oxidation 351 

capacity is determined by the environmental conditions experienced by the methanotrophic 352 

community rather than by substrate supply. In the riverine Elbe, where k′ was highest and most 353 

variable, none of the available abiotic predictors explained its variation, indicating additional 354 

controls beyond the abiotic variables considered here.  355 
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        The model structure and selection procedure presented in this study are expected to apply to 356 

other coastal regions, whereas the fitted coefficients are region-specific and require refitting with 357 

local observations. Because k′ responds to temperature and nutrient conditions, such 358 

parameterizations also allow the represented methane sink to adjust to ongoing coastal warming 359 

and changing nutrient loads, in contrast to representations based on fixed rate constants. Future 360 

work should incorporate microbial information, such as methanotroph abundance, community 361 

composition, and functional gene expression, to identify the biological controls underlying k′ 362 

variability and to improve the representation of methane oxidation as a responsive biological sink 363 

in coastal methane cycling models. 364 
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