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Abstract
Climate warming impacts biogeochemical cycles in lakes. However, the factors controlling CO2 dynamics in

mountain lakes over multidecadal scales are poorly understood. Here, we capitalized on long-term monthly data
(1995–2022) of oligotrophic mountain Lake Tovel and calculated surface CO2 concentrations and flux by apply-
ing geochemical relationships and the thin boundary layer approach. Advanced time-series and regression
modeling was used to determine temporal patterns and environmental parameters explaining surface CO2 con-
centrations and flux. Surface CO2 concentrations were highest from 2009 to 2017 (annual mean:
109.1 μmol CO2 L

�1) but lower before and after this period. Concomitantly, the air–water CO2 flux
(μmol CO2 m

�2 d�1) showed a period of lowest (mean1995–2010: 6.4 � 0.7), highest (mean2011–2017: 35.7 � 2.1),
and intermediate emissions (mean2018–2022: 19.3 � 4.7). Temporal modeling showed that hypolimnetic and
deep hypolimnetic dissolved oxygen (DO) had the same change points and trends as surface CO2 concentra-
tions. In multiple linear regression, hypolimnetic DO, silica, and the standardized precipitation index (pseudo-
R2

adj. = 0.62; p < 0.01) best predicted annual mean surface CO2 concentrations. Regression results and the over-
lap between temporal trend patterns indicated that surface CO2 concentrations of Lake Tovel were positively
influenced by external (loading of allochthonous carbon) and internal (lake autumn mixing) factors. The recent
decline in surface CO2 concentrations from the year 2018 was attributed to increased stratification that offset
lake autumn mixing and thus lead to the observed decline. These results help us to better understand the car-
bon cycle in mountain lakes in a changing climate.

Carbon dioxide (CO2) air–water emissions from lakes are an
important component of the global carbon cycle and are inher-
ently linked to surface CO2 concentrations. Surface CO2 concen-
trations are influenced by a complex interaction of biochemical
(photosynthesis and respiration), chemical (carbonate dissolution
and precipitation, photooxidation of organic matter), physical
(temperature), and hydrological (allochthonous carbon input
and mixing) factors (Vachon et al. 2020). For example, the input
of allochthonous carbon by groundwater (Striegl and

Michmerhuizen 1998) or by storm related precipitation (Vachon
and Del Giorgio 2014) increase surface CO2. Surface CO2 can fur-
ther increase through intensified mixing bringing hypolimnetic
CO2 to the surface (Baltic Sea: Kuss et al. 2006; Mediterranean
reservoirs: Morales-Pineda et al. 2014) and by CO2-producing cal-
cite precipitation during photosynthesis (Escoffier et al. 2023).

Air–water CO2 emissions depend on physical processes
such as wind stress, convection, and currents. The gas transfer
velocity (kCO2) describes the efficiency of transfer across the
water–air interface. Changes in kCO2 are primarily driven by
diel and seasonal variations in mass and energy fluxes at the
lake surface (Dugan et al. 2016). While at best kCO2 should be
measured, it can also be modeled introducing uncertainty into
estimates of CO2 emissions (Dugan et al. 2016). Since over
long time scales (days to weeks), the variability in surface CO2

concentrations is greater than that of kCO2 and affects
CO2 fluxes more than kCO2 (Natchimuthu et al. 2017),
monthly long-term studies based on modeled kCO2 can ade-
quately capture CO2 emissions.

Climate change generally impacts biogeochemical cycles in
lakes (Moss 2012). Contrary to low-land lakes, mountain lakes
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are highly sensitive to on-going climate warming (Thompson
et al. 2005). Mountain lakes are characterized by cold tempera-
tures, high incident solar radiation, prolonged ice and snow
cover, and low nutrient content (Moser et al. 2019). With cli-
mate change, mountain lakes will likely have significant
changes. In mountain lakes, for example, lake stratification is
stronger because of a shift from a nival to pluvial recharge of the
aquifer (Flaim et al. 2019), lake CO2 efflux is higher driven by
large flushing events (Ejarque et al. 2021), and epilimnetic sum-
mer temperatures are higher because of a shorter duration of ice
cover and reduced amount of snowmelt water (Sadro
et al. 2019). A reduced ice-cover leads to a shorter period of
under-ice respiration of organic matter (Baehr and
DeGrandpre 2002), and thus reduced CO2 accumulation under
ice (Finlay et al. 2015). Most studies on carbon cycling in moun-
tain lakes rely on annual analyses (Seekell and Gudasz 2016;
Ejarque et al. 2021; Scholz et al. 2021) or spot sampling (Pighini
et al. 2018) while little is known about CO2 patterns over
decades (but see Saidi and Koschorreck 2017; Escoffier
et al. 2023). Considering the scarcity of long-term data, the CO2

dynamics and its driving factors in mountain lakes remain
poorly understood (Ejarque et al. 2021; Scholz et al. 2021).

This study investigates the temporal patterns of surface
CO2 concentrations and CO2 fluxes and their driving forces in
Lake Tovel, an oligotrophic mountain lake. Lake Tovel shifted
from meromixis to dimixis that led to hypolimnetic oxygena-
tion (Flaim et al. 2020) but with unknown consequences for
CO2 dynamics. Changing hypolimnetic oxygen substantially
influences lake biochemical processes such as sediment fluxes
of carbon, nitrogen, and phosphorus (higher flux with anoxic
conditions; Carey et al. 2022), and these changes in turn may
impact CO2 dynamics. This study builds on Flaim et al. (2020)
and investigates drivers of surface CO2 concentrations and the
inter-relationships between surface CO2 concentrations, CO2

emissions, and hypolimnetic dissolved oxygen (DO). We
hypothesize (1) that surface CO2 and CO2 fluxes mirror DO
changes under the condition of the same driving forces
(i.e., changes in mixing patterns); and (2) that CO2 fluxes are
low considering Lake Tovel’s oligotrophic state.

Material and methods
Study site

Lake Tovel (46.26137�N, 10.94934�E; 1177 m above sea
level [asl]; area: 0.4 km2; maximum depth: 39 m) is an Italian
long-term ecological research site (LTER_EU_IT_090) in the
Brenta Dolomites and belongs to international networks
(LTER-Europe and ILTER). Lake Tovel is usually frozen from
late December to mid-April with a mean ice thickness of
35 cm (range: 17–65 cm; n = 14; 2002–2023) and has low
wind speeds (< 0.7 m s�1; Flaim et al. 2020). The lake is oligo-
trophic (mean annual values for the whole water column:
total dissolved phosphorus < 10 μg L�1, dissolved organic
carbon < 1 mg L�1, conductivity � 180 μS cm�1; coefficient of

light attenuation ≤ 0.18, and water transparency > 10 m;
depth layer 0–20 m: chlorophyll a (Chl a) < 3 μg L�1;
Cellamare et al. 2016). According to CaCO3 ranges (83–
155 mg CaCO3 L

�1 over the whole water column from 1995
to 2022), Lake Tovel is a moderately hard to hard water lake
according to the United States Geological Survey (2023). Sur-
face HCO3

� ranged from 106 to 146 mg L�1 between 1995
and 2022 (Supporting Information Fig. S1B), and surface pH
ranged from 7.63 to 8.65 (Supporting Information Fig. S1B).
At these observed pH values, most of the inorganic carbon
was found as HCO3

�.

Sampling
Since 1995, sampling is monthly over the deepest part of

the lake during the ice-free period (May to November), with
restricted site access during winter (December to April). Verti-
cal profiles of water temperature and DO were taken with a
multiparametric probe (Hydrolab Surveyor from 1995 to 2010
and Idronaut Ocean 316 from 2011 onwards) between 10:00 h
and 11:00 h. Water samples for nutrients (nitrate, ammonium,
total phosphorus (Ptot), silica, pH, and hydrogen carbonate)
and other chemical parameters (ions) were taken with a bottle
at 5-m intervals and were analyzed as described in Cellamare
et al. (2016). Zooplankton samples were taken by vertical tows
(mesh size = 50 μm) from the bottom to the surface. Zoo-
plankton composition and biomass were determined as
described in Obertegger et al. (2007). Water samples for Chl
a were taken with a 20-m long tube (weighted at the bottom),
and Chl a was extracted (Whatman GF/C and GF/F filters)
from 1 L with 90% acetone and determined spectroscopically
according to the trichromatic method (Rice et al. 2017).

Meteorological indices
Precipitation, air temperature, and wind velocity were pro-

vided by the on-site station (Metex system until 2010, after-
wards Nesa system; one-hour recording frequency). Missing
daily data (1995–2022: 24% to 34% missing; Supporting Infor-
mation Table S1) were imputed applying boosted regression
trees (library caret; Kuhn 2022) based on data from a close by
station (46.361�N, 11.040�E; 656 m asl; 13 km from Lake
Tovel). The standardized precipitation index (SPI; reference
period: 1995 to 2010; library standardized; Maetens 2019) was
calculated to characterize monthly precipitation.

Water column stability
We assessed the temporal patterns of monthly and annual

mean surface water temperature, SPI, and Schmidt stability.
Schmidt stability was calculated based on probe temperature
profiles as an index for the energy required to mix the water
column to uniform density (library rLakeAnalyzer; Winslow
et al. 2019). Furthermore, we calculated the duration of deep
spring and autumn mixing, respectively, as the number of
days when the mixing depth was greater than or the same as
30 m after ice-out and in autumn, respectively. The autumn
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deep mixing period was estimated as the number of days
between onset of deep autumn mixing and ice-in. Mixing
depth was determined according to Wilson et al. (2020) using
daily mean water temperature provided by sensors from 2010
to 2022 (Supporting Information Data S1). Ice-in dates (period
1995–2019) were taken from Flaim et al. (2020) determining
ice-in as the day of the year when mean daily air temperature
was < 0�C for at least four consecutive days and mean daily
surface water temperature was < 4�C. Ice-in for the period
2020–2022 were determined based on webcam images.

pCO2 calculations
In the absence of measurements, we calculated pCO2

based on geochemical relationships (library tidyphreeqc;
Parkhurst and Appelo 2013) as done in other studies
(e.g., Seekell and Gudasz 2016; Wiik et al. 2018; Toavs
et al. 2023). Geochemical relationships approximate measure-
ments well with circumneutral to basic pH and with total alka-
linity exceeding 1000 μmol L�1 (Abril et al. 2015; our study site:
mean � one standard deviation pH 1995–2022 = 8.1 � 0.25; total
alkalinity1995–2022 = 1040 � 74 μmol L�1). pCO2 (atm) was
converted to CO2 concentrations (μmol L�1). Only surface
(0 m; n = 239), hypolimnetic (30–35 m; n = 234), and deep
hypolimnetic CO2 concentrations (> 35 m; n = 193; some sam-
plings were missing because the lake did not always have
depths > 35 m) with an ion-balance error < 15% were consid-
ered (Supporting Information Data S2). The period considered
here spans May 1995 to February 2023 in contrast to Flaim
et al. (2020) considering pre-1995 samplings that lack data for
pCO2 calculations.

To investigate a potential link between water temperature
and hypolimnetic CO2 production, we analyzed the temporal
pattern of monthly and annual hypolimnetic temperature
(mean from 30 to 35 m depth).

Atmospheric CO2 flux
The atmospheric CO2 flux (FCO2; mol CO2 m

�2 d�1;
n = 239) across the air to water interface was calculated using
Fick’s law of gas diffusion: FCO2 = α * kCO2 * Kh * (pCO2

water – pCO2 air). α is the ratio between the enhanced and the
nonenhanced gas transfer velocity (Kuss and Schneider 2004),
Kh is the Henry’s coefficient corrected for temperature, and
pCO2 (atm) is the CO2 partial pressure at the water surface
(pCO2 water) and in the atmosphere (pCO2 air). For atmo-
spheric pCO2, we used midday data of the atmospheric mixing
ratio of CO2 (ppm) from a public German monitoring station
(Schauinsland, Germany, 1204 m a.s.l; Supporting Informa-
tion Data S3), that is at an altitude and in a coniferous forest
like Lake Tovel. We acknowledge that atmospheric CO2 values
from a German weather station might not adequately reflect
local short-term conditions to calculate CO2 flux and mainly
focused on large-scale temporal patterns. The gas exchange
coefficient kCO2 was determined from k600, standardized to a
Schmidt number of 600 using the following equation:

kCO2 = k600 * (ScCO2/600)
�n where ScCO2 is the CO2 Schmidt

number for a given temperature and n is � 2/3 with a wind
speed < 3 m s�1 or is � 0.5 with a speed > 3 m s�1

(Bade 2009). We used a surface renewal model (Read
et al. 2012) as provided in library LakeMetabolizer (function k.
read.soloviev.base; Winslow et al. 2016) to calculate k600. The
CO2 flux for the ice cover period was set to zero. We calculated
the average carbon emission of Lake Tovel for the ice-free
period considering its surface area and mean annual CO2 flux.
Thus, several factors such as seasonal effects or potentially dif-
ferent emission from littoral lake areas were not included.

Upper layer, hypolimnetic, and deep hypolimnetic DO
All mg DO L�1 values of the multiparametric probe were

converted to percent DO saturation (% DO; library rMR; Moul-
ton 2018) to account for temperature-dependent solubility dif-
ferences. Upper layer DO, the DO that replenishes oxygen in
the hypolimnion, was calculated as % DO from the surface to
the first 5 m irrespective of mixing depth. Hypolimnetic DO
was calculated as the mean % DO from 30 to 35 m and deep
hypolimnetic DO as the mean % DO deeper than 35 m
according to Flaim et al. (2020).

Statistical analyses
All calculations, data management, and statistical

analyses were done using R 4.3.0 (R Core Team 2023). In all
models, R2 adjusted values (R2

adj.; Supporting Information
Data S3) were reported as a measure of fit adjusted for the
number of used predictors.

Seasonal differences
Differences between seasons in surface CO2 concentrations,

kCO2, and CO2 flux were investigated by generalized mixed
modeling with library lme4 (Bates et al. 2015) using year as
random intercept and a Gamma and Normal distribution
where appropriate. Post-hoc testing corrected for multiple test-
ing was performed (library emmeans; Lenth 2022).

Temporal modeling of monthly data
Seasonality and trend (i.e., the long-term change in the

level of the time-series) were modeled using generalized addi-
tive modeling (GAM) and generalized additive mixed model-
ing (GAMM) considering temporal dependence by including
an autocorrelation term nested within years. Importantly,
GAM accounts for nonlinearity and does not rely on subjec-
tive model specification. For the seasonal term, we used a
cyclical cubic spline determining continuity between the first
and last seasonal observations. We calculated the first deriva-
tive of smoothing splines (library gratia; Simpson 2023) to
determine significant periods of increase and decrease in the
seasonal and long-term pattern, respectively. We used a
Gamma distribution, appropriate for only positive data, for
seasonal DO and CO2 data and Schmidt stability, while a
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normal distribution for SPI, surface and hypolimnetic water
temperature, and CO2 flux.

Annual trends
Annual trends of the day of the year of ice-in and mixing

depth were modeled using a quasi-Poisson distribution to
account for count-data and their large variance. For annual
mean data, we only considered values from April to November
to focus on the ice-free period. We applied a shift in the mean
analysis (see Flaim et al. 2020) and a piece-wise regression
model (a.k.a. segmented regression; library segmented;
Muggeo 2017). Goodness of fit of the shift in the mean analy-
sis vs. a piece-wise regression model was investigated by the
root mean square error (RMSE) with the model having
the lowest value preferred. We used a Gamma distribution for
annual mean data of DO, CO2 concentrations, and Schmidt
stability, while a normal distribution for SPI, surface and
hypolimnetic water temperature, and CO2 flux. Where appro-
priate, we reported pseudo-R2

adj. values (library rcompanion;
Mangiafico 2017) because non-linear regression models
(e.g., quasi-Poisson, Gamma regression) do not use the ordi-
nary least squares estimation technique to fit the model.

Environmental modeling of surface CO2 concentrations
Monthly surface CO2 of the ice-free period (April to

November; n = 177) was modeled dependent on environmen-
tal variables (ammonium, nitrate, Ptot, calcium, and silica as
average from the surface to 35 m, crustacean, rotifer, and zoo-
plankton biomass, Chl a, Schmidt stability, hypolimnetic DO
and meteorological variables). As meteorological variables, SPI
and the sum of precipitation, average minimal and mean air
temperature and average mean and maximum wind speed
over 30, 20, 10, 5, 2, and 1 d before the sampling to account
for any lag-effect of meteorological events influencing mixing
as shown by Flaim et al. (2020). We used a partial least squares
(PLS) model that can handle collinear predictors (mainly
meteorological predictors) from library tidymodel (Kuhn and
Wickham 2020) to select the most important variables based
on the inflection of the importance score (Supporting Infor-
mation Data S4). These predictors were used in generalized lin-
ear regression accounting for temporal dependence by an
autocorrelation term. In regression, predictors were standard-
ized to compare regression coefficients, and model residuals
were inspected for model fit (mainly autocorrelation and het-
erogeneity of residuals).

Annual mean surface CO2 of the ice-free period (n = 28)
was modeled dependent on the same predictors as used in
monthly modeling. For variable selection, we used PLS
(no splitting in train and test data because of the reduced
dataset) and variable ranking. Variable ranking is based on
mutual information (library varrank; Kratzer and Furrer 2022)
and compares the relevancy to redundancy balance of infor-
mation across the set of variables. Based on the inflection of
the scores, the most important variables were selected in

variable ranking and PLS. In variable ranking of average
annual meteorological predictors, the annual average of the
mean wind over 2 d before sampling, the annual average of
minimum temperature over 5 d before sampling, and the
annual average of the total sum of rain over 30 d before sam-
pling were selected. After variable selection, generalized linear
regression, accounting for temporal dependence by an auto-
correlation term, was used. In regression, predictors were stan-
dardized to compare regression coefficients, and model
residuals were inspected for model fit (mainly autocorrelation
and heterogeneity of residuals).

Link between climate-induced mixing indices and surface
CO2 concentrations and CO2 flux

We used the correlation between ice-in day of the year
(doy; proxy for autumn mixing), hypolimnetic DO (proxy for
deep-water column mixing), Schmidt stability (index of water
column mixing) and surface CO2 concentrations and CO2 flux
to infer any potential link. Ice-in doy was used as it is and also
backshifted for 1 yr (lagged ice-in) to investigate the correla-
tion between ice-in of the preceding year on parameters of the
following year.

Results
Water column stability

In GAMM (R2
adj = 0.86; p < 0.01; Supporting Information

Table S2), monthly surface water temperature showed a con-
tinuously increasing trend (+ 0.5�C decade�1; Supporting
Information Fig. S2A) and a seasonal pattern (highest tempera-
ture during summer, lowest temperature during winter;
Supporting Information Fig. S2B). Annual mean surface water
temperature (mean1995–2022: 12.2 � 0.8�C) did not show any
temporal pattern (no change point, no continuous regression,
nor a piece-wise regression). Monthly and annual mean values
of SPI (mean1995–2022: 0.05 � 0.98) as a proxy for precipitation
did not show a temporal pattern (Supporting Information
Fig. S2C,D).

The onset of deep spring mixing (2010–2022) occurred dur-
ing mid- to late-April. Spring mixing, its onset or length did
not have a temporal pattern. On average, deep spring mixing
lasted 2 d; only in 2014, deep mixing lasted 5 d. Also, the
onset of deep autumn mixing (2009–2022) and its duration
did not show a temporal pattern. On average, deep autumn
mixing started in mid-November and lasted 30 d (� 9 d); only
in 2010, deep mixing lasted 51 d (Supporting Information
Fig. S3).

Ice-in occurred later from 1995 to 2022 (quasi-Poisson
regression; pseudo-R2

adj. = 0.33; p < 0.001; Fig. 1; Supporting
Information Table S3). Ice-in occurred on average 14 d later in
2022 compared with 1995. Especially, ice-in in 2022 occurred
late with several episodes of ice-in and ice-out during
December 2022 and a permanent ice cover only after mid-
January 2023 (Fig. 1).
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In GAMM with monthly Schmidt stability (1995–2022),
Gamma distribution did not converge and therefore a normal
distribution was used. Residuals of this model were well

approximated by a normal distribution justifying its use.
Monthly Schmidt stability only showed a seasonal pattern
(R2

adj. = 0.61, p < 0.001; Supporting Information Table S4;
Fig. S4A) increasing from May to mid-August and decreasing
from mid-August to mid-November (Supporting Information
Fig. S4B). Annual mean Schmidt stability (R2

adj. = 0.23,
p < 0.05; Supporting Information Table S5; Fig. S4C) showed
an increase until 2003 (13.8 J m�2 yr�1) and then a slight
decrease (� 7 J m�2 yr�1).

Surface, hypolimnetic, and deep hypolimnetic CO2

concentrations
Monthly data

The lowest surface CO2 was observed in August 1995
(10 μmol L�1) and the highest under ice in 2018
(452 μmol L�1; Fig. 2a). Comparing seasons (Fig. 2a), mean
surface CO2 was lowest during summer (p < 0.001; range: 10–
217 μmol L�1; mean: 44.6 μmol L�1) and was highest under
ice (p < 0.001; range: 54.3–452 μmol L�1; mean: 133 μmol L�1)
than during other seasons. Mean spring (range: 25.2–
236 μmol L�1; mean: 69 μmol L�1) and autumn surface CO2

(range: 17.3–232 μmol L�1; mean: 71 μmol L�1) were not dif-
ferent (p > 0.05).

Fig. 1. Linear regression of ice-in day of the year dependent on year
(quasi-Poisson regression; pseudo-R2adj. = 0.33; p < 0.001); the gray band
indicates the 95% confidence interval for the trend; day of the year
exceeds 365 d to account for the late ice in of winter 2022 in January
2023.

Fig. 2. Boxplots of observed (a) surface CO2, (b) gas transfer velocity, and (c) CO2 flux split by seasons (spring—spr; summer—sum; autumn—aut;
under ice—ice).
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In GAMM, monthly surface CO2 showed a trend and a sea-
sonal pattern (Table 1; Fig. 3a; Supporting Information
Table S6). The trend showed a statistically significant increase
with the year 1995 and the year 2009 and a decrease with the
year 2018 (Table 1). The seasonal pattern showed an increase
from September to January and a decrease from mid-February
to mid-March and from end of May to July (Supporting Infor-
mation Fig. S5A).

Monthly hypolimnetic (range: 1017–12,470 μmol L�1) and
deep hypolimnetic CO2 (range: 628–16,303 μmol L�1) were
higher than monthly surface CO2 (range: 10–452 μmol L�1).
Monthly hypolimnetic and deep hypolimnetic CO2 values were
correlated (rPearson = 0.89, p < 0.001), and their trends showed
similar periods of decrease and increase (Table 1; Fig. 3c,d;
Supporting Information Table S6). The hypolimnetic and deep
hypolimnetic CO2 decreasing trend around 1996 (even though
their temporal durations were quite short), the decreasing trend
around 2018 and the increasing trend around 2010 were also
observed in the trend of monthly surface CO2 (Table 1; Fig. 3a,-
c,d). In contrast, the decreasing trends of hypolimnetic and
deep hypolimnetic CO2 with the years 2000 and 2012 were not
observed in surface CO2 (Table 1; Fig. 3a,c,d), implying that
hypolimnetic and surface CO2 were not strictly linked.

Monthly hypolimnetic water temperature only showed a
weak seasonal pattern with highest values during September to
November (R2adj. = 0.17, p < 0.001; Supporting Information
Fig. S6A).

Annual mean data
With the shift in the mean analysis for annual mean surface

CO2, two change points were found while piece-wise regression

analysis was not significant (Table 2; Fig. 4a). In detail, the
periods 1995–2008 (mean1995–2008: 42 � 15.8 μmol CO2 L

�1)
and 2018–2022 (mean2018–2022: 58 � 37.0 μmol CO2 L

�1)
showed similar CO2 (p > 0.05), and the intermediate period
2009–2017 (mean2009–2017: 78 � 26.7 μmol CO2 L

�1; Fig. 4a)
showed higher CO2 (p < 0.001) than the periods before and
after (Fig. 4a).

Annual mean hypolimnetic and deep hypolimnetic CO2

were quite similar (rPearson = 0.97; p > 0.001), both did not
show any temporal pattern and did not mirror annual mean
surface CO2 (Table 2; Fig. 4c,d).

Yearly mean hypolimnetic water temperature did not show
any temporal pattern (mean1995–2022 = 4.9 � 0.2�C; Supporting
Information Fig. S6B).

CO2 flux
Seasonal differences, monthly, and annual mean data

CO2 flux depends on surface CO2 and the gas transfer veloc-
ity (kCO2). Here, kCO2 was higher (p < 0.001) during spring
(range kCO2: 0.08–7.1 cm h�1; 0.02–1.7 m d�1) and summer
(range kCO2: 0.1–6.4 cm h�1; 0.02–1.5 m d�1) than autumn
(range kCO2: 0.08–3.7 cm h�1; 0.02–0.8 m d�1; Fig. 2b) with no
difference between summer and autumn (p > 0.05; Fig. 3c).
Similarly, the CO2 flux was higher during spring (range: 0.5–
189.2 μmol CO2 m

�2 d�1) than during summer (range: �2.7–
118.5 μmol CO2 μmol m�2 d�1; p < 0.01) and autumn (range:
�0.7–93.7 μmol CO2 m

�2 d�1; p < 0.05) with no difference
between summer and autumn (p > 0.05; Fig. 2c).

In GAM, the monthly CO2 flux showed a trend and a sea-
sonal pattern. The trend showed an increase from November
2010 to September 2012 and a decrease from December 2018 to

Table 1. Results of GAMM of CO2 and DO; for the trend, the periods of statistically significant increases and decreases are reported;
R2 adjusted (R2 adj.); hypolimnetic (hypo.); * indicates that the pattern was modeled by GAM.

Parameter R2 adj. Significance

Trend

Increase Decrease Monthly pattern

Surface CO2 0.52 May 1995–Aug 1997 Jan 2018–May 2021 Yes

p < 0.001 June 2009–Sept 2012

Hypo. CO2 0.42 June–Aug 1996 Oct 1999–April 2002 No

p < 0.001 June 2009–April 2011 Aug 2012–Nov 2013

Dec 2020–Feb 2023 Sept 2017–Dec 2018

Deep hypo. CO2 0.49 June–Sept 1996 June 2000–July 2002 No

p < 0.001 May 2009–April 2011 Dec 2011–Nov 2013

Oct 2020–Dec 2020 Aug 2017–Aug 2018

CO2 flux* 0.29 Nov 2010–Sept 2012 Dec 2018–Aug 2020 Yes

p < 0.001

Upper layer DO 0.45 No No Yes

p < 0.001

Hypo. DO 0.53 Aug 2000–Feb 2002 Dec 2018–Oct 2021 Yes

p < 0.001 April 2009–Dec 2011

Deep hypo. DO 0.47 May 2009–July 2012 Aug 2019–Dec 2022 No

p < 0.001
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August 2020 (Table 1; Fig. 3b). The seasonal pattern showed an
increase from end of March to mid-April and a decrease from
May to June (Supporting Information Fig. S5B). Concomitantly
to the trend of monthly CO2 flux, the annual mean flux showed
two change points (Table 2; Fig. 4b) discriminating three periods
of lowest (mean1995–2010: 6.4 � 0.7 μmol CO2 m

�2 d�1), highest
(mean2011–2017: 35.7 � 2.1 μmol CO2 m

�2 d�1), and intermediate
flux (mean2018–2022: 19.3 � 4.7 μmol CO2 m

�2 d�1).
Considering the total lake surface area emitting CO2 and

an average ice-free duration (period between 1 May and ice-in)
of 217, 227, and 229 d for these three periods, respectively,
the annual mean CO2 emission was 553 mol CO2 yr�1 for the
period 1995–2010, 3240 mol CO2 yr�1 for the period 2011–
2017, and 1765 mol CO2 yr�1 for the period 2018–2022
(Supporting Information Table S7).

Environmental modeling of surface CO2 concentrations for
the ice-free period
Monthly data

In PLS regression of monthly surface CO2 (four PLS compo-
nents; R2

adj. = 0.27), hypolimnetic DO, SPI, sum of rain over
30 d before sampling, Ptot, and silica were the most important

variables (decreasing order of importance). Using these five
variables in multiple linear regression (R2

adj. = 0.16;
p < 0.001), only SPI was not statistically significant. All param-
eters in the regression increased monthly CO2 (Supporting
Information Fig. S7), and the standardized regression coeffi-
cient of hypolimnetic DO (14) was much higher than those of
rain (8.4), silica (8.1), and Ptot (7.3).

Annual mean data
In variable selection of annual mean environmental

data for the modeling of annual mean surface CO2, variable
ranking and PLS indicated almost the same variables as impor-
tant (Supporting Information Data S5). We used those vari-
ables selected by both methods (silica, hypolimnetic DO, Ptot,
SPI, and yearly mean wind over 2 d before the sampling). In
multiple linear regression, hypolimnetic DO, silica, and SPI
were statistically significant (pseudo-R2

adj. = 0.62; p < 0.01;
Fig. 5; Supporting Information Table S8), and all variables
increased annual mean surface CO2. Annual mean surface
CO2 was predicted to increase with increasing annual mean
hypolimnetic DO and a wetter year (positive SPI; Fig. 5a) and
an increasing annual mean silica (Fig. 5b), respectively.

Fig. 3. Monthly observed values (black points) and modeled temporal patterns (continuous black line) by GAMM with its 95% confidence interval (gray
band) for (a) surface CO2 (μmol L�1), (b) CO2 flux (μmol CO2 m

�2 d�1), (c) hypolimnetic CO2 (μmol L�1), (d) deep hypolimnetic CO2 (μmol L�1), (e)
hypolimnetic DO (% saturation), and (f) deep hypolimnetic DO (% saturation). Cyan indicates a significant increasing and red a significant decreasing trend.
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Table 2. Temporal modeling results of the annual mean CO2 flux, of annual mean surface, hypolimnetic, and deep hypolimnetic (deep
hypo.) CO2 (μmol L�1) concentrations and DO (% saturation), respectively; for the shift in the mean analysis, the 95% confidence inter-
vals for the change point (CP) are given in brackets. For model comparison, the root mean square error (RMSE; the lower, the better) is
given; piece-wise regression (piece-wise regr.); not significant (n.s.); per decade (dec�1).

Parameter Analysis method R2adj.; p-value Model output RMSE

Annual mean surface CO2 Shift in the mean 0.62; p < 0.001 CP1: 2010 (2008–2011)

CP2: 2018 (2017–2020)

Piece-wise regr. n.s.

Hypolimnetic CO2 Shift in the mean n.s.

Piece-wise regr. n.s.

Deep hypo. CO2 Shift in the mean n.s.

Piece-wise regr. n.s.

CO2 flux Shift in the mean 0.72; p < 0.001 CP1: 2011 (2010–2012)

CP2: 2018 (2014–2019)

Piece-wise regr. n.s.

Upper layer DO Shift in the mean 0.25; p < 0.01 CP: 2016 (2007–2020)

Piece-wise regr. n.s.

Hypolimnetic DO Shift in the mean 0.39; p < 0.001 CP: 2007 (2002–2009) 11.6%

Piece-wise regr. 0.57; p < 0.05 1995–2018: +17% DO dec�1 9.7%

2019–2022: �9% DO yr�1

Deep hypo. DO Shift in the mean 0.33; p < 0.01 CP1: 2011 (2009–2012) 7.9%

CP2: 2015 (2012–2018)

Piece-wise regr. 0.53; p < 0.01 1995–2018: +17% DO dec�1 10.1%

2019–2022: �8% DO yr�1

Fig. 4. Annual mean values (black points) and modeled patterns by shift in the mean analysis (green line) or piece-wise regression (orange line) for (a)
surface CO2 (μmol L�1), (b) CO2 flux (μmol CO2 m

�2 d�1), (c) hypolimnetic CO2 (μmol L�1), (d) deep hypolimnetic CO2 (μmol L�1), (e) hypolimnetic
DO (% saturation), and (f) deep hypolimnetic DO (% saturation). The gray band is the 95% confidence interval for models.
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The standardized regression coefficients of hypolimnetic DO
(0.22), silica (0.20), and SPI (0.16) were quite similar.

Upper layer, hypolimnetic, and deep hypolimnetic DO
Monthly data

Monthly DO of the upper layer (mean1995–2022: 107 � 12%
DO) showed a seasonal pattern with increasing values from
mid-February to July and decreasing values from August to
mid-January and no trend (Supporting Information Fig. S8).
Monthly hypolimnetic DO showed a seasonal pattern and a
trend (Table 1; Fig. 3e), while monthly deep hypolimnetic DO
only showed a trend (Table 1; Fig. 3f). The trend of
hypolimnetic DO showed an increase with 2000 and 2009
and a decrease with 2018 (Table 1; Fig. 3e). Similarly, the trend
of the deep hypolimnetic DO showed an increase with 2009
and a decrease with 2018 for several years (Table 1; Fig. 3f).
The increasing trend starting with 2009 and the decreasing
trend starting with 2018 of monthly hypolimnetic and deep
hypolimnetic DO were like that of surface CO2 concentrations
(Table 1; Fig. 3a,e,f).

Annual data
The annual mean of the upper layer DO showed slightly

lower values (mean1995–2016: 106 � 5.6% DO) after the change
point than before (mean2017–2022: 112 � 3.8% DO; Table 2).

Annual mean hypolimnetic DO showed two change points
with overlapping confidence intervals, and thus only one
change point was considered (Table 2; Fig. 4e). The
hypolimnetic DO was lower (mean1995–2006: 23 � 9.5% DO;

Fig. 5. Dependence of annual mean surface CO2 concentrations (μmol L�1) on annual mean hypolimnetic DO (% saturation) and on (a) different levels
of annual mean SPI holding annual mean silica at the mean concentration (i.e., 1.13 mg SiO2 L

�1); and on (b) different levels of silica (si; mg SiO2 L
�1)

holding annual mean SPI at the mean value (i.e., �0.003 SPI) as modeled by multiple linear regression.

Fig. 6. Spearman correlation matrix of annual mean values of surface
CO2 (μmol L�1; surface.CO2), CO2 flux (μmol CO2 m

�2 d�1; CO2.flux),
hypolimnetic DO (% saturation; hypo.DO), Schmidt stability (J m�2; sta-
bility), ice-in day of the year (ice.in), and ice-in doy of the preceding year
(lag.ice.in); not statistically significant (NS).
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Fig. 4e) before the change point than after (mean2007–2022:
44 � 13.7% DO). With piece-wise regression (Fig. 4e), annual
mean hypolimnetic DO continuously increased until 2018
and then decreased (Table 2).

Annual mean deep hypolimnetic DO showed two change
points delimiting a period of highest DO (mean2011–2014-

= 36 � 12.1% DO) with lower values before (mean1995–2010-

= 6 � 5.3% DO) and after (mean2015–2022 = 14 � 11.8% DO;
Table 2; Fig. 4f). With piece-wise regression, annual mean
deep hypolimnetic DO continuously increased until 2018 and
then decreased like hypolimnetic DO (Table 2; Fig. 4f). Only
with piece-wise regression the decreases in hypolimnetic and
deep hypolimnetic DO occurred at the same time as the
decrease in surface CO2 and CO2 flux.

Correlation between climate-induced mixing indices and
surface CO2 concentrations and CO2 flux

Annual mean surface CO2 and CO2 flux were highly corre-
lated between each other (Fig. 6). Hypolimnetic DO was more
correlated with surface CO2 concentrations than with CO2 flux.
As hypothesized by Flaim et al. (2020) that late ice in of the pre-
ceding year determines mixing and therefore hypolimnetic DO
in the following year in Lake Tovel, hypolimnetic DO showed a
higher correlation with ice-in doy of the preceding year than
with ice-in doy of the same year (Fig. 6). However, surface CO2

was not correlated with ice-in doy at all, and CO2 flux was only
correlated with ice-in doy of the same year. Schmidt stability
was not correlated with any of the selected parameters.

Discussion
At the decadal scale, Lake Tovel underwent a change from

meromixis to dimixis because of later ice-in that allowed for
longer autumn mixing and therefore replenishment of the
hypolimnetic oxygen (Flaim et al. 2020). This study showed
that concomitantly to hypolimnetic oxygen also surface CO2

concentrations and CO2 fluxes underwent marked changes.

Driver of decadal changes in surface CO2 concentrations
In general, climate conditions (temperature and external

input) determine the dissolved inorganic carbon content of
lakes (Hanson et al. 2006). Here, monthly and annual patterns
of surface CO2 concentrations were generally mirrored by
hypolimnetic and deep hypolimnetic DO, indicating a close
link between these parameters. Furthermore, in linear model-
ing, surface CO2 increased with hypolimnetic DO, precipita-
tion, and silica, both with monthly and annual data.
Hypolimnetic DO is a proxy for deep water mixing driven by
later ice-in (Flaim et al. 2020). Also here, as indicated by correla-
tion analysis, hypolimnetic DO increased with later ice-in.
Water column mixing does not only transport DO to the hypo-
limnion (Flaim et al. 2020), it also transports deep water CO2 to
the surface (Baehr and DeGrandpre 2004; Kuss et al. 2006;
Saber et al. 2020). Silica is retained in the monimolimnion of
meromictic lakes and upwelling can increase its bioavailability

(Scibona et al. 2022). Thus, we suggest that hypolimnetic DO
and silica are proxies for CO2 upwelling, an internal process
determining surface CO2. Precipitation induces mixing because
of heat loss (Saber et al. 2020), washes allochthonous organic
material into lakes (Caldero-Pascual et al. 2022), and leads to
external hydrologic input of inorganic carbon (Striegl and
Michmerhuizen 1998; Stets et al. 2009). The range of total alka-
linity in Lake Tovel indicates dependence on allochthonous
inorganic carbon input (Marcé et al. 2015). Thus, we suggest
that precipitation is a proxy for external carbon input and
mixing. In summary, the modeling results and the overlap
between temporal trends indicated that surface CO2 of Lake
Tovel is driven by external (loading of allochthonous carbon)
and internal (lake mixing) factors at the decadal scale.

While it is impossible without a proper carbon budget to
decide which factor prevails (Verheijen et al. 2022), the higher
standardized regression coefficient for hypolimnetic DO than
SPI, the missing trend of SPI at seasonal and annual scale as
proxy for precipitation, and hypolimnetic DO mirroring surface
CO2 indicate that mixing might be more important than allo-
chthonous carbon input for the observed trends of surface CO2.
Nevertheless, annual mean surface CO2 was not directly corre-
lated with ice-in, the driver of deep water mixing. Furthermore,
we acknowledge that hypolimnetic DO showed the increase in
2010 with shift in the mean analysis and the 2018 decline with
piece-wise regression. This might be explained by the fact that
changes close to the start or end of a time-series are difficult to
reveal with a shift in the mean analysis. Therefore, to finally
decide on the importance of CO2 predictors, a more detailed
analysis and a longer time-series is fundamental.

Temporal changes in surface CO2 concentrations
In Lake Tovel, surface CO2 showed an upward shift with

the year 2010 and a downward shift with the year 2018.
Increased surface water temperatures lead to less mixing and
intensified stratification (Woolway and Merchant 2019)
and to declining surface DO in some lakes (Jane et al. 2022).
In Lake Tovel, monthly surface water temperature is increas-
ing with a minimal effect on surface DO (Flaim et al. 2020;
this study). However, Flaim et al. (2020) found an increase in
hypolimnetic DO linked to increased mixing from the year
2010 onwards. Similarly, we suggest that the upward shift in
surface CO2 was linked to increased DO replenishment that
also led to CO2 upwelling. We, further, suggest that as lake
water warming continued, increased stratification offset the
positive effect of a prolonged ice-free period from the year
2018 onwards, and thus autumn mixing decreased and surface
CO2 and CO2 flux also decreased. Only further monitoring
will show if these trends continue in Lake Tovel. Since climate
warming leads to decreased CO2 flux in other areas and lakes
worldwide (Finlay et al. 2015; Brothers et al. 2021), we expect
the observed trends to continue.

Schmidt stability, a classical index of water column stability
and thus mixing did not explain surface CO2 in
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environmental modeling. Furthermore, annual mean Schmidt
stability was not correlated with annual mean surface CO2

and hypolimnetic DO. Flaim et al. (2020) postulated that
mixing below 30 m is mainly indicated by oxygen and con-
ductivity rather than by water density-based mixing indices
such as Schmidt stability or Lake number. Similarly, water
density often indicates mixing while other parameters such as
pH, oxygen, or conductivity are not homogenous (Gray
et al. 2020). Thus, we corroborated that other indices such as
hypolimnetic DO that are not related to water density should
also be considered to achieve a holistic understanding of the
effect of mixing.

Link between hypolimnetic CO2 and surface CO2

concentrations
While hypolimnetic DO was linked to surface CO2,

hypolimnetic and deep hypolimnetic CO2 only partly mir-
rored surface CO2 concentrations at the monthly scale and
not at all at the annual scale. While we reasoned that
increased autumn mixing replenishes DO in the deeper layers
and transports CO2 from the deepest layer to the surface, we
expected a decline in deep water CO2. However, both
hypolimnetic and the deep hypolimnetic CO2 increased after
2010, the year of DO replenishment and increasing surface
CO2. In the Baltic Sea, re-oxygenation of the deep layers led to
an increase in the mineralization rate (Hylén et al. 2021).
Thus, for the 2010 increase in hypolimnetic CO2, we speculate
that DO replenishment might have boosted aerobic respira-
tion while in other circumstances the hypolimnetic CO2

remained unaffected by intensified mixing and DO replenish-
ment. Since hypolimnetic temperature did not show any
trend patterns, we excluded temperature effects as driver for
the hypolimnetic CO2 changes (Gudasz et al. 2010).

Seasonal changes in surface CO2 concentrations and upper
layer DO

Apart from decadal trends, seasonal changes are also impor-
tant to understand carbon cycling in lakes. Here, surface CO2

and upper layer DO showed an inverse seasonal pattern (high
CO2 and low DO during autumn and low CO2 and high DO
during summer). Also in the Baltic Sea (Kuss et al. 2006) and
an oligotrophic alpine lake (Saber et al. 2020) surface CO2

and DO show an inverse seasonal pattern. While there is a
clear inverse coupling of surface CO2 and hypolimnetic DO
trends at the seasonal scale, the type of drivers of these trends
may shift from biological ones during summer to abiotic ones
during autumn.

Seasonal and decadal patterns of CO2 flux
CO2 fluxes depend on surface CO2 concentrations and gas

transfer velocity. CO2 flux in Lake Tovel showed the same
change points and trend patterns as surface CO2, both with
monthly and annual data. Therefore, both parameters were
linked at a decadal scale. Furthermore, there was a seasonal

mismatch between surface CO2 (highest during autumn) and
CO2 emissions (highest after ice-out). In lakes, much CO2 is
released during spring ice break-up (Verheijen et al. 2022)
while also higher CO2 emissions are found during autumn
than spring (L�opez Bellido et al. 2009; Scholz et al. 2021). A
short water residence time as driver for allochthonous inor-
ganic carbon input increases CO2 emissions in boreal lakes
(Weyhenmeyer et al. 2015). Lake Tovel generally has a shorter
water residence time in spring than during the rest of the year
(Obertegger et al. 2007). Here, surface CO2 concentrations
were lower in spring than summer or autumn and gas transfer
velocity was highest during spring. We suggest, therefore, that
at a seasonal scale high CO2 flux was primarily linked to high
gas transfer velocity and secondly to allochthonous carbon
input, determining the differences between seasons.

Generally, mountain lakes emit less CO2 compared with
other freshwater ecosystems (Cohen and Melack 2020; Ejarque
et al. 2021), possibly because of low primary production and
colder air and water temperature limiting metabolic processes,
and/or low water residence time leading to flushing events.
Furthermore, inland lakes in general (Lauerwald et al. 2023)
and high-latitude lakes (Verheijen et al. 2022) show a huge
variability in yearly CO2 emissions. According to our hypothe-
sis of low and changing CO2 emissions in oligotrophic Lake
Tovel, CO2 emissions (range: �3–189 μmol CO2 μmol
m�2 d�1) were much lower (� 1000 times) than of other lakes
and reservoirs (Finlay et al. 2015; Saidi and Koschorreck 2017;
Golub et al. 2023) and showed periods of varying intensity.

Conclusions
Mountain lakes are sensitive to climate change (Thompson

et al. 2005) but little is known on its effects on the carbon
cycle. Lake Tovel can be a model system to understand the
interaction of climate warming and biogeochemical processes
in low-wind and ice-covered mountain lakes. Specifically, Lake
Tovel transitioned between periods of high and low surface
CO2 concentrations and CO2 emissions depending on allo-
chthonous carbon input and on the counteracting forces of
earlier ice-in favoring mixing and increased stratification
inhibiting mixing. Future studies must show if this is a general
pattern valid for mountain lakes more broadly. In Lake Tovel,
statements on the extend of surface CO2 concentrations and
CO2 emissions depended on the temporal period considered,
and this underlines the importance of long-term data to
exposit the evolution of on-going processes and ecosystems.

Data availability statement
The monthly time series data supporting this study are

available from the corresponding author, U.O., upon reason-
able request. Yearly mean data and exemplary analyses are
deposited in Zenodo 0.5281/zenodo.10777273.
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